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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).

1



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 ě 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 ě 50% and ě 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 ě 50% and ě 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

3



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

Hernán, 2020). The test-based approaches may exhibit low statistical power in de-

tecting a weak violation of the PH assumption (Stensrud and Hernán, 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
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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 ă0.01 ă0.01

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, µpt˚q, is defined as the mean of the truncated event time Y “ minpT, t˚q.

The RMST can be calculated by the area under the survival curve Sptq “ P rT ą ts

from t “ 0 to t “ t˚ (Panel A in Figure 1.1), which is written as follows (Royston

and Parmar, 2013):

µpt˚q “ EpY q “ ErminpT, t˚qs “

ż t˚

0

Sptqdt.

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 ith patient, let Ti denote

the event time and be subject to right censoring with censoring time Ci. In the

presence of right censoring, we observe Ui “ minpTi, Ciq and the censoring indicator

δi “ IrTi ď Cis. The observed data are written as tpUi, δiq, i “ 1, . . . , nu.

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 µpt˚q nonparametrically. For i “ 1, ..., n, let Niptq “ IrUi ď t; δi “ 1s

denote the individual counting process and Yiptq “ IrUi ě ts denote the individual

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

Ŝptq “
ź

uďt

"

1´
dNpuq

Y puq

*

,

where Npuq “
řn
i“1Nipuq and Y puq “

řn
i“1 Yipuq. Consequently, the KM estimator

of µpt˚q is written as:

µ̂KMpt
˚
q “

ż t˚

0

Ŝptqdt, (1.1)

where Ŝptq 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 nÑ 8, µ̂KMpt
˚q is con-

sistent to µpt˚q and
?
ntµ̂KMpt

˚q ´µpt˚qu
d
Ñ N p0, σ2pt˚qq, where σ2pt˚q is estimated

by:

σ̂2
pt˚q “

ż t˚

0

#

ż t˚

t

Ŝpuqdu

+2
dΛ̂ptq

Y ptq{n
.

Here, Λ̂ptq “ ´logtŜptqu 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). For i “ 1, . . . , n, let Yi “ minpTi, t
˚q

denote the individual truncated time-to-event outcome at t˚. In the absence of

censoring, an obvious estimator for µpt˚q is n´1
řn
i“1 Yi. In the presence of right

censoring, the IPCW estimator of µpt˚q is

µ̂IPCW pt
˚
q “

1

n

n
ÿ

i“1

δ˚i

ĜpYiq
Yi, (1.2)

where δ˚i “ IrCi ě Yis, and ĜpYiq “ P pCi ą Yiq is the KM estimator of the survival

function for the censoring time based on tpUi, 1 ´ δiq, i “ 1, . . . , nu. To understand

the validity of µ̂IPCW pt
˚q, note that

E

«

δ˚i

ĜpYiq
Yi|Ti

ff

“ Yi
P pCi ě Yi|Tiq

P pCi ą Yiq
“ Yi.

1.2.3 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 X̃ is a pˆ 1 covariate vector for a study participant, where X̃ 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 KK T |X̃. In a study with n participants, the

observed data are written as tpUi, δi, X̃iq, i “ 1, . . . , nu. We define the conditional
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RMST as µpt˚|X̃q “ ErminpT, t˚q|X̃s “ ErY |X̃s.

The IPCW RMST regression model is written as follows:

gpµpt˚|X̃qq “ X̃Tβ, (1.3)

where β is the vector of regression coefficients and gp¨q 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 ith patients, let µi “ ErYi|X̃is and

assume its variance is Varpµiq “ φvpµiq, where φ is a dispersion parameter and vp¨q

is a specified variance function. By assuming the link function gp¨q is a canonical

link (McCullagh, 2019), we have vp¨q “ 1{g1p¨q. The parameters β̂ can be estimated

from the following weighted quasi-score estimating equation:

Unpβ̂q “
n
ÿ

i“1

wi
Bµi

Bβ̂

Yi ´ µi
φvpµiq

“

n
ÿ

i“1

wi

!

Yi ´ g
´1
pX̃T

i β̂q
)

X̃T
i “ 0,

where wi “ δ˚i {ĜpYiq is the inverse probability of censoring weight for the ith par-

ticipant, as defined in Equation (1.2). Note that although Yi may not be observ-

able for all participants due to censoring, the parameter β is still estimable in this

model (Tian et al., 2014). The large sample properties for the estimated coefficient β̂

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.
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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 (MRCTs) 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 MRCTs, 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 RMSTs

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 RMSTs 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 Tij is the time-to-event outcome and Cij is the censor-

ing time, where i and j index participants and studies such as i “ 1, . . . , nj and

j “ 1, . . . , J . The truncated time-to-event outcome is Yij “ minpTij, t
˚). Suppose we

evaluate K treatments and Zij P t1, . . . , Ku is the treatment indicator. We consider

P covariates, where the pth covariate is Xp, and we let Xij be a P ˆ1 covariate vector

specific for Patient i in Study j. Let µij “ EpYij|Xij, Zijq be the conditional RMST,

then the RMST regression model for the jth study in the first stage is written as

follows:

gpµijq “
K
ÿ

k“1

αjkIrZij “ ks `
K
ÿ

k“1

XijβjkIrZij “ ks. (2.1)

Typical choices of the link function gp¨q can be log link or identity link. We will

use the log link function (i.e., gp¨q “ logp¨q) throughout this chapter. Note that
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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,

αjk is the log-RMST up to t˚ for Treatment k and Xij “ 0 in the jth study. We

define βjk “ pβjk1, . . . , βjkP q
T , where βjkp is the study-specific treatment-by-covariate

interaction effect for p “ 1, . . . , P . The resulting estimates in the jth study are

denoted as pα̂j1, . . . , α̂jK , β̂
T

j1, . . . , β̂
T

jKq and their associated study-specific variance-

covariance matrix Σ̂j, where β̂jk “ pβ̂jk1, . . . , β̂jkP q
T .

In the second stage, the estimated log-RMSTs, pα̂j1, . . . , α̂jKq, and treatment-by-

covariate interactions, pβ̂
T

j1, . . . , β̂
T

jKq, are analyzed using a multivariate meta-analysis

model with restricted maximum likelihood estimation (Chen et al., 2012; Schwarzer

et al., 2015). The multivariate meta-analysis model is written as follows:

α̂jk “ αk ` ajk ` εjk,

β̂jkp “ βkp ` bjkp ` ηjkp,
(2.2)

for j “ 1, . . . , J , k “ 1, . . . , K, and p “ 1, . . . , P . Here, αk is the fixed (mean) main

treatment effect, interpreted by the log-RMST up to t˚ of Treatment k for Xij “ 0,

and βkp is the fixed (mean) treatment-by-covariate interaction effect between Treat-

ment k and Xp. If Xp is a binary covariate, βkp is the difference in log-RMST for

Treatment k between Xp “ 1 and Xp “ 0. If Xp is a continuous covariate, βkp is the

change in log-RMST for Treatment k per unit change in Xp. Both ajk and bjkp are as-

sociated with random effects αk and βkp, respectively. Let bjk “ pbjk1, . . . , bjkP q
T , we

assume that the random effects parameter vector, rj “ paj1, . . . , ajK ,b
T
j1, . . . ,b

T
jKq,

independently follows a multivariate normal distribution, namely MVNp0,R2q. Here

R2 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 R2 is the variance component of the between-study heterogene-
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ity corresponding to each parameter. In addition, εjk and ηjkp are the associated

residuals for αk and βkp, respectively, which are assumed to be independent. Let

ηjk “ pηjk1, . . . , ηjkP q, then the residual vector pεj1, . . . , εjK ,η
T
j1, . . . ,η

T
jKq is assumed

to follow a multivariate normal distribution with mean 0 and covariance-variance

matrix Σ̂j, i.e. MVNp0, Σ̂jq.

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, Yij are assumed to be conditionally independent with

the mean EpYij|rjq “ µ
prjq
ij and the variance VarpYij|rjq “ φvpµ

prjq
ij q. Here, µ

prjq
ij

is related to the value of random effects rj “ paj1, . . . , ajK ,b
T
j1, . . . ,b

T
jKq, vp¨q is a

variance function as introduced in Chapter 1.2.2, and φ is the dispersion parameter.

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

gpµ
prjq
ij q “

K
ÿ

k“1

αjkIrZij “ ks `
K
ÿ

k“1

XijβjkIrZij “ ks. (2.3)
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For k “ 1, . . . , K, we define αjk “ αk`ajk and βjk “ pβjk1, . . . , βjkP q
T , where βjkp “

βkp`bjkp (p “ 1, . . . , P ). Here, αk, ajk, βkp, and bjkp have the same interpretations as

in Equation (2.2). Let bjk “ pbjk1, . . . , bjkP q, we assume the random effects parameter

vector, rj, independently following a multivariate normal distribution with mean 0

and an unstructured covariance-variance matrix R1, namely MVNp0,R1q. Here, R1

is the covariance matrix of the random effects in Equation (2.3), and each diagonal

element of R1 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 Xp and the treatments, we can replace βjkp with βjp 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, R2 and R1, 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 nj denote the number of patients in the jth trial. For j “ 1, . . . , nt and
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i “ 1, . . . , nj, the time-to-event outcome Tij is generated using the following model:

logpTijq “
3
ÿ

k“1

α˚jkIrZij “ ks `Xij

3
ÿ

k“1

β˚k IrZij “ ks ` εij

3
ÿ

k“1

σk, (2.4)

where Xij „ Bernp0.5q, a binary covariate. Here, we sample α˚jk from Npα˚k , τ
2q,

where τ measures heterogeneity across studies. We consider three values of τ “

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

α˚k is the fixed treatment effect for Xij “ 0, β˚k is the fixed treatment-by-covariate

interaction effect, σk is a scale parameter. We assume the residual εij „ Np0, 1q.

The prespecified values of α˚k , β
˚
k , and σk are provided in Table B.1 in Appendix B.

Next, we assume the censoring time Cij is independent of Tij, which is generated from

an exponential distribution Expp0.15q. 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.

2.3.3 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 nj “ 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 nj “ 500 for all j. 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,

nj „ Unifp300, 700q.

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
A,B,C 14 8 0
A,B 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 nj, 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-RMSTs 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.

2.3.5 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 nj “

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 x “ 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 nj “ 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 nj 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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Figure 2.2: Simulation results of mean squared error (MSE) of log-RMST of three
treatments (A, B, and C) for the subgroup with x “ 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 nj 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 nj, 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 x “ 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 ă 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 ă 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/kimihua1995/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 Motivation 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-

ization 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 MRCTs, 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

MRCTs 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 Outlines

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 ě 2) with R being the region indicator (R “ 1, . . . ,M). Let Nr

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 pXq).
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Common patient population 
{𝑇!(1), 𝑇!(0), 𝑋! , 𝑅!}!"#$

Region 1 patient population (𝑅 = 1)
with sample size 𝑁!

{𝑇!"(1), 𝑇!"(0), 𝑋!", 𝑅!" = 1, 𝑑!" = 1}"#!
$!

{𝑈!", 𝛿!", 𝑍!", 𝑋!", 𝑅!" = 1, 𝑑!" = 1}"#!
$!

RCT Sampling: 𝜌!"	~	Unknown 

RCT Treatment: 𝑍!"	~	Randomization
Censoring: noninformative 𝐶!"

Region M patient population (𝑅 = 𝑀)  
with sample size 𝑁"

{𝑇%"(1), 𝑇%"(0), 𝑋%", 𝑅%" = 𝑀, 𝑑%" = 1}"#!
$"

{𝑈%", 𝛿%", 𝑍%", 𝑋%", 𝑅%" = 𝑀, 𝑑%" = 1}"#!
$"

RCT Sampling: 𝜌%"	~	Unknown 

RCT Treatment: 𝑍%"	~	Randomization
Censoring: noninformative 𝐶%"

𝑟 = 1,… ,𝑀

Figure 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 Nr individuals in Region r, suppose nr 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 ρrpXq “ P pd “ 1|X, R “ rq 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 FrpXq “ F pX|d “ 1, R “ rq. Let Z be

the indicator of the treatment assignment, where Z “ 1 for the treatment group

and Z “ 0 for the control group. Let πrpXq “ P pZ “ 1|X, R “ r, d “ 1q be the

treatment propensity score. In RCTs, πrpXq “ πr can be commonly assumed to be

known by design.

Following the potential outcomes framework in Rubin (1974), let T p1q and T p0q
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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 p1qZ `

T p0qp1 ´ Zq. Let C denote the censoring time. In the presence of right censoring,

T is not observed for all patients. Instead, we observe U “ minpT,Cq and the

censoring indicator δ “ IrT ď Cs, where Ir¨s is the indicator function. In summary,

let i index the enrolled patient and r index the region, the observed data in Region

r is tUri, δri,Xri, Zri, Rri “ r, dri “ 1|i “ 1, . . . , nru, where r “ 1, . . . ,M .

3.2.2 Estimands and Assumptions

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

Srzpt|Xq “ EtIrT pzq ě ts|X, R “ r, d “ 1u for z P t0, 1u. For a pre-specified

truncation time t˚, the treatment-specific conditional RMST up to t˚ is defined as

µrzpt
˚|Xq “

şt˚

0
Srzpt|Xqdt. The conditional treatment effect is defined by the RMST

difference such as ∆rpt
˚|Xq “ µr1pt

˚|Xq ´ µr0pt
˚|Xq.

We seek to characterize the region-specific conditional RMST difference ∆rpt
˚|Xq to

a target population. Let F ˚ denote the distribution of X in the target population

(i.e., X „ F ˚pXq). 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:

∆rpt
˚
q “ µr1pt

˚
q ´ µr0pt

˚
q, (3.1)

where µrzpt
˚q “ EF˚rµrzpt

˚|Xqs is the region-specific average RMST for z P t0, 1u.

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)

(i) tT p1q, T p0qu KK Z|pd “ 1,X, Rq, and (ii) 0 ă πrpXq ă 1 with probability 1.

Assumption 2 (Conditional noninformative censoring)

tT p1q, T p0qu KK C|pd “ 1, Z,X, Rq, which implies T KK C|pd “ 1, Z,X, Rq.

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, Fr. That is, for any set of X, AX, if AX

has zero probability in Fr, then it also has zero probability in F ˚.

Assumption 4 (Conditional exchangeability of survival function and positivity of

RCT participation)

(i) Spt|X, Z,R, d “ 1q “ Spt|X, Z,Rq, and (ii) ρrpXq ą 0 with probability 1.

Assumption 4 also implies the conditional exchangeability of RMST, i.e., µrzpt
˚|Xq “

şt˚

0
Spt|X, Z “ z,R “ r, d “ 1qdt “

şt˚

0
Spt|X, Z “ z,R “ rqdt. Under Assump-

tions 1 to 4, µrzpt
˚q can be identified by Erµrzpt

˚|XqdF
˚

dFr
pXqs, where dF˚

dFr
pXq denotes

the Radon-Nikodym derivative of the distribution F ˚ relative to the distribution of

Fr. For example, if all covariates in X are discrete, dF˚

dFr
pXq is the ratio of the prob-

ability mass functions of X “ x in both distributions, and if all covariates in X are

continuous, dF˚

dFr
pXq is the ratio of the probability density functions.

3.3 Weighting Methods in MRCT

3.3.1 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 Fr to the target population F ˚ by using the following weight
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functions:

γri “
dF ˚pXriq

dFrpXriq
“
PF˚pX “ Xriq

PFrpX “ Xriq
, (3.2)

where PF˚ and PFr denote the joint probability of X “ Xri under the distribution

of F ˚ and Fr, respectively. We can use the Kernel smoothing method (Scott, 2015)

to estimate the density function for Fr 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 γri from

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

γri “
P pd1ri “ 1|Xriq

P pdri “ 1|Xri, Rri “ rq

P pdri “ 1|Rri “ rq

P pd1ri “ 1q
9

P pd1ri “ 1|Xriq

P pdri “ 1|Xri, Rri “ rq
, (3.3)

where d1ri P t0, 1u denotes the inclusion in the target population. As a result, the

weight γri 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 Xri. However, this

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

P pd1ri “ 1|Xriq.

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 ρrpXq “ P pd “ 1|X, R “ rq in each region only with the

data of d “ 1. Alternatively, we estimate the sampling score by using a region-specific

propensity score, P pR “ r|X, d “ 1q, given the accessible data.

Many methods can be considered when estimating P pR “ r|X, d “ 1q 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 ρrpXq 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 pri denote the weights, where i and

r index the patient and region such as i “ 1, . . . , nr and r “ 1, . . . ,M . We estimate

pri by solving the following optimization problem:

min

#

M
ÿ

r“1

nr
ÿ

i“1

prilogppriq

+

, (3.4)

with constraints:

nr
ÿ

i“1

prigpXriq “ g̃, r “ 1, . . . ,M. (3.5)

nr
ÿ

i“1

pri “ 1, r “ 1, . . . ,M. (3.6)

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 gp¨q contains L covariate functions to be calibrated.

Let gpXq “ rg1pXq, . . . , gLpXqs, each glp¨q 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 kth moments of the calibrated covariates (Hainmueller,

2012; Josey et al., 2021a). For example, when k “ 2, gpXq “ rX,X2s, 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 ď 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 g̃ “ rg̃1, . . . , g̃Ls be the associated moment

estimates of gpXq from any researcher-defined target population. Each g̃l 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 pri in each region sum to a nor-

malization constant of one, which guarantees that pri are valid density functions in

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

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

p̂ri “
exptλTr gpXriqu

řnr
i“1 exptλTr gpXriqu

,

where λr solves
řnr
i“1 exptλTr gpXriqutgpXriq ´ g̃u “ 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 pd “ 1|X,W, R “ rq “ P pd “ 1|X, R “

rq “ ρrpXq.

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 ∆rpt
˚q: 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 ξ̂ri as the es-

timated weight function to balance the covariate distributions from each region to

the target population, which can be either IPSW γ̂ri or CW p̂ri. 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 p̂ri and γ̂ri, 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, . . . , nr, denote Nrziptq “ IrUri ď t; δri “ 1;Zri “ zs as the individual

treatment-specific counting process and Yrziptq “ IrUri ě t;Zri “ zs as the individual
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treatment-specific at risk process. Then for treatment z P t0, 1u, the weighted KM

RMST estimator for µrzpt
˚q is written as:

µ̃rzpt
˚
q “

ż t˚

0

S̃rzptqdt “

ż t˚

0

ź

uďt

#

1´
dÑrzpuq

Ỹrzpuq

+

dt, (3.7)

where S̃rzptq is a weighted KM estimator for the region-specific average survival

function. We define Ñrzpuq “
řnr
i“1 ξ̂riqrzipXriqNrzipuq as the weighted counting

process and Ỹrzpuq “
řnr
i“1 ξ̂riqrzipXriqYrzipuq as the weighted at-risk process. Here,

qrzipXriq “
IpZri“zq

πripXriq
zp1´πripXriqq

1´z is an inverse of the individual treatment-specific

propensity score, where πripXriq is the treatment propensity score that can be either

estimated or assumed as constant.

The variance of µ̃rzpt
˚q is derived as follows:

Varrµ̃rzpt
˚
qs “

ż t˚

0

#

ż t˚

u

S̃rzptqdt

+2
dÑrzpuq

W̃rzpuqpỸrzpuq ´∆Ñrzpuqq
, (3.8)

where W̃rzpuq “
Ỹ 2
rzpuq

řnr
i“1rξ̂riqrzipXriqs

2Yrzipuq
and ∆Ñrzpuq “ Ñrzpuq ´ Ñrzpu´q. If we

assume that the treatment propensity score πripXriq is a constant in the RCT from

each region, the term qrzipXriq can be omitted when calculating µ̃rzpt
˚q and its

variance.

The weighted KM estimator for ∆rpt
˚q is then defined as:

∆̂KM
r pt˚q “ µ̃r1pt

˚
q ´ µ̃r0pt

˚
q, (3.9)

and we have the following theoretical properties for ∆̂KM
r pt˚q:
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Theorem 1

For any fixed 0 ă t˚ ă 8, as nr Ñ 8,

ˇ

ˇ

ˇ
∆̂KM
r pt˚q ´∆rpt

˚
q

ˇ

ˇ

ˇ

p
Ñ 0,

?
nr

!

∆̂KM
r pt˚q ´∆rpt

˚
q

)

d
Ñ N

`

0, σ2
r,KMpt

˚
q
˘

.

Here, by
p
Ñ and

d
Ñ we mean “converges in probability” and “converges in distribu-

tion”, respectively. Let Λrzptq “ EXr´logtSpt|X, Z “ z,R “ r, d “ 1qus denote the

cumulative incidence function, the asymptotic variance

σ2
r,KMpt

˚q “ nr
ř

z“0,1

şt˚

0
t
şt˚

u
Srzptqdtu

2 dΛrzpuq

W̃rzpuq
, can be estimated by:

σ̂2
r,KMpt

˚
q “ nr

ÿ

z“0,1

ż t˚

0

#

ż t˚

u

S̃rzptqdt

+2
dÑrzpuq

W̃rzpuqpỸrzpuq ´∆Ñrzpuqq
.

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:

µrpt
˚
|Xr, Zrq “ βr0 ` βr1Zr ` βr2gpX

T
r q ` βr3ZrgpX

T
r q, (3.10)

where gp¨q is the same function mentioned in Equation (3.5). Then, we define the

outcome models for Zr P t0, 1u in Region r as mr0pXrq “ β̂r0 ` β̂r2gpX
T
r q and

mr1pXrq “ β̂r0` β̂r1` β̂r2gpX
T
r q` β̂r3gpX

T
r q. The weighted G-formula estimator for

∆rpt
˚q is written as:

∆̂GF
r pt˚q “

řnr
i“1 ξ̂ritmr1pXriq ´mr0pXriqu

řnr
i“1 ξ̂ri

. (3.11)
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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 ∆̂GF
r pt˚q:

Theorem 2

For any fixed 0 ă t˚ ă 8, as nr Ñ 8,

ˇ

ˇ

ˇ
∆̂GF
r pt˚q ´∆rpt

˚
q

ˇ

ˇ

ˇ

p
Ñ 0,

?
nr

!

∆̂GF
r pt˚q ´∆rpt

˚
q

)

d
Ñ N

`

0, σ2
r,GF pt

˚
q
˘

.

Here, the asymptotic variance σ2
r,GF pt

˚q can be estimated using the Delta method

(Dowd et al., 2014):

σ̂2
r,GF pt

˚
q “ nrJ

T
r ΣrJr,

where Σr is the variance-covariance matrix of the parameter vector

rβ̂r0, β̂r1, β̂r2, β̂r3s
T and

Jr “
B∆̂GF

r pt˚q

Brβ̂r0, β̂r1, β̂r2, β̂r3s
T
.

3.4.3 Weighted Hajek RMST Difference

The third estimator is proposed based on an alternative RMST estimation in Equa-

tion (1.2). For the ith patient in Region r, let Yri “ minpTri, t
˚q denote the trun-

cated time-to-event, and wri “ δ˚ri{ĜpYriq denote the inverse probability of censoring

weight. The weighted Hajek estimator for the average RMST difference in Region r

is defined as:

∆̂HJ
r pt˚q “

řnr
i“1 ξ̂riqr1ipXriqwriYri
řnr
i“1 ξ̂riqr1ipXriqwri

´

řnr
i“1 ξ̂riqr0ipXriqwriYri
řnr
i“1 ξ̂riqr0ipXriqwri

. (3.12)

We have the following theoretical properties for ∆̂HJ
r pt˚q:

52



Theorem 3

For any fixed 0 ă t˚ ă 8, as nr Ñ 8,

ˇ

ˇ

ˇ
∆̂HJ
r pt˚q ´∆rpt

˚
q

ˇ

ˇ

ˇ

p
Ñ 0,

?
nr

!

∆̂HJ
r pt˚q ´∆rpt

˚
q

)

d
Ñ N

`

0, σ2
r,HJpt

˚
q
˘

.

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

and we provide the derivation of the asymptotic variance σ2
r,HJpt

˚q in Appendix C.

3.4.4 Weighted Augmented RMST Difference

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

Hajek estimators:

∆̂AG
r pt˚q “

řnr
i“1 ξ̂riqr1ipXriqwritYri ´mr1pXriqu

řnr
i“1 ξ̂riqr1ipXriqwri

´

řnr
i“1 ξ̂riqr0ipXriqwritYri ´mr0pXriqu

řnr
i“1 ξ̂riqr0ipXriqwri

`

řnr
i“1 ξ̂ritmr1pXriq ´mr0pXriqu

řnr
i“1 ξ̂ri

. (3.13)

Based on the semiparametric theory (Tsiatis, 2006), the weighted Augmented esti-

mator ∆̂AG
r pt˚q is doubly robust and does not require the correct specification of the

outcome models (shown in Appendix C). The theoretical properties for ∆̂AG
r pt˚q is

as follows:

Theorem 4

For any fixed 0 ă t˚ ă 8, as nr Ñ 8,

ˇ

ˇ

ˇ
∆̂AG
r pt˚q ´∆rpt

˚
q

ˇ

ˇ

ˇ

p
Ñ 0,

?
nr

!

∆̂AG
r pt˚q ´∆rpt

˚
q

)

d
Ñ N

`

0, σ2
r,AGpt

˚
q
˘

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

of the asymptotic variance σ2
r,AGpt

˚q 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 H0 : ∆1pt
˚q “

¨ ¨ ¨ “ ∆Mpt
˚q. Regional consistency of treatment effects can be obtained if H0 is not

rejected. We define a χ2 test statistics Upt˚q as follows:

Ũpt˚q “ tE∆̃pt˚quT tEṼpt˚qET
u
´1E∆̃pt˚q,

where E is an pM ´ 1q-by-pMq contrast matrix

¨

˚

˚

˝

´1 1 0 . . . 0
´1 0 1 . . . 0
. . . . . . . . . . . . . . .
´1 0 0 . . . 1

˛

‹

‹

‚

,

∆̃pt˚q “ r∆̃1pt
˚q, . . . , ∆̃Mpt

˚qsT , and Ṽpt˚q is a diagonal matrix of Varr∆̃rpt
˚qs, for

r “ 1, . . . ,M . Here, ∆̃rpt
˚q can be each of the estimators among ∆̂KM

r pt˚q, ∆̂GF
r pt˚q,

∆̂HJ
r pt˚q, and ∆̂AG

r pt˚q. We assume the treatment effects are independent across

regions. Under H0, Ũpt˚q follows a χ2 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):

∆̃Gpt
˚
q “

řM
r“1 ∆̃rpt

˚q{Varr∆̃rpt
˚qs

řM
r“1 1{Varr∆̃rpt˚qs

.

The variance of ∆̃Gpt
˚q is

řM
r“1

1

Varr∆̃rpt˚qs
{t
řM
r“1

1

Varr∆̃rpt˚qs
u2.

54



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 n1 “ 400, n2 “ 500, and n3 “ 600. We con-

sider two covariates X “ rX1, X2s from a common population, whereX1 „ Unifp0, 1q

and X2 „ Np1, 1q, and assume independence between X1 and X2. 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:

logtρrpXriqu “ ηr0 ` ηr1X1ri ` ηr2X2ri, for r “ 1, 2, 3. (3.14)

logittρrpXriqu “ η˚r0 ` η
˚
r1X

˚
1ri ` η

˚
r2X

˚
2ri, for r “ 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 X˚
1ri “ X1ri ˆ X2ri and

X˚
2ri “ exptX2ri{10u. 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 ηr’s in Equation (3.14) and η˚r ’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 πrpXq “ 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

Trzi is assumed to be generated from the following hazard function:

hpt|Zri, X1ri, X2ri, Rriq “ λpt|Zriqexpt0.3IrRri “ 2s ` 0.5IrRri “ 3s

´X1ri ` 0.5X2ri ` 0.3ZriIrRri “ 2s ` 0.5ZriIrRri “ 3s

´ ZriX1ri ´ 0.5ZriX2ri ´ 0.6IrRri “ 2sX1ri ` 0.3IrRri “ 2sX2ri

´ IrRri “ 3sX1ri ` 0.5IrRri “ 3sX2riu.

(3.16)

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 λpt|Zri “ 1q “ 0.15t´0.7 and for the control group

to be λpt|Zri “ 0q “ 0.5. The censoring time follows an exponential distribution,

i.e., C „ expp0.15q, which is common in all regions. We set a fixed truncation time

for RMST at t˚ “ 4.
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3.5.3 Estimands

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:

µrpt
˚
|Xr, Zrq “ βr0 ` βr1Zr ` βr2Xr1 ` βr3Xr2 ` βr4ZrXr1 ` βr5ZrXr2,

µmisr pt˚|Xr, Zrq “ β1r0 ` β
1
r1Zr ` β

1
r2Xr1 ` β

1
r3ZrXr1.

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 X2. 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).

57



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 γri as follows:

γri “
PF˚pX “ Xriq

PFrpX “ Xriq
9

PF˚pX “ Xriq

P pdri “ 1|Xri, Rri “ rqPF˚pX “ Xriq
“

1

ρrpXriq
.

We consider two ways to calculate the sampling scores ρrpXq “ P pd “ 1|X,R “ rq.

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 gpXq “

rX1, X2, X
2
1 , X

2
2 s, which makes constraints on the first and second moments of X1

and X2. 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

(ě 80 kg), hypertension, percutaneous coronary intervention, smoking (ever), periph-

eral arterial disease, Killip classification (Level I vs. Level II-IV), 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) ď 100 mg, 2) p100, 300q mg,

and 3) ě 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 πripXriq 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:

γri9
P pd1ri “ 1|Xriq

P pdri “ 1|Xri, Rri “ rq
“

ř

r P pdri “ 1|Xri, Rri “ rqP pRri “ r|Xriq

P pdri “ 1|Xri, Rri “ rq
.

As we do not have information on the patient population not enrolled in the RCT

from each region, we approximate P pR “ r|Xq by the proportion of the sample size,

nr{
ř

r 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% CIs 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 IPSW-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% CIs 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) 4.7 (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) 4.1 (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) 4.2 (1.2, 7.2) 0.75 4.3 (1.4, 7.2)
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 (ě 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 (ě 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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Figure 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 II and Phase III 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 ě 50% and ě 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.

4.1.3 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 P r0, 1s represent a single continuous biomarker of interest and is

assumed to follow a standard uniform distribution, i.e., X „ Unif r0, 1s. If X is a

continuous marker with other distributions, the proposed design is still applicable

when the values of X can be scaled to r0, 1s through percentile transformations.

Following the potential outcomes framework (Rubin, 1974), let T p1q and T p0q be the

potential time-to-event under treatment and control, respectively. By assuming the

consistency of potential outcomes, the time-to-event is T “ T p1qZ`T p0qp1´Zq. Let

C be the censoring time, and we assume conditionally independent censoring given

treatment Z and biomarker X, formally written as C KK T |Z,X. In the presence of

right censoring, T is not observed for all patients. Instead, we observe U “ minpT,Cq

and the censoring indicator δ “ IrT ď Cs, where Ir¨s is the indicator function.

We denote h1pt|Xq and h0pt|Xq as the hazard functions for patients with Z “ 1

and Z “ 0, respectively. By assuming both h1pt|Xq and h0pt|Xq follow piecewise

exponential models, the hazard functions are written as follows:

hzpt|Xq “ λzptq ˆ exptγzXu, for z “ 0, 1 (4.1)

where λzptq is the baseline hazard and γz is the log HR which represents a constant

association between biomarker and hazard. Consider Jz time intervals for the control

and experimental treatments with change points 0 “ τz,0 ă τz,1 ă ¨ ¨ ¨ ă τz,Jz “ 8,
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respectively. The jth interval is defined as rτz,j´1, τz,jq. We assume the baseline

hazard is constant within each interval, so that:

λzptq “ λz,j, for t P rτz,j´1, τz,jq (4.2)

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 ct˚ 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 P pct˚ , 1s and

X P r0, ct˚q, respectively.

We denote µzpt
˚|Xq as the conditional RMST function for z P t0, 1u, which can be

written as:

µzpt
˚
|Xq “

ż t˚

0

Szpt|Xqdt “

ż t˚

0

exp

"

´

ż t

0

hzpu|Xqdu

*

dt,

where Szpt|Xq is the conditional survival function. The biomarker cutpoint, X “ ct˚ ,

can be identified by solving the following equation concerning X:

µ1pt
˚
|Xq ´ µ0pt

˚
|Xq “ 0. (4.3)

Note that ct˚ may fall outside the range of r0, 1s. In such instances, the biomarker

cutpoint will be truncated at 0 or 1, which is formally written as ct˚ “

mintmaxtct˚ , 0u, 1u.
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4.2.3 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 t1, and accrues n1 patients per treatment arm regardless of

the biomarker value. At the end of Stage I (at t1), a biomarker cutpoint, denoted as

ĉ0, 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 ĉ0 is not identified (e.g., all biomarker values

are positive or negative to patients); 2) enrich and restrict the accrual in Stage

II 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.

Identify 𝒄"𝟎
End of 

Enrollment

Estimate and test  𝜟𝒕∗
among (𝒄"𝒕∗,1]

Enroll 𝑛! per treatment,
regardless of biomarker

(No Enrichment) Enroll 𝑛"
per treatment, regardless of 
biomarker

(Enrichment) Enroll 𝑛" per 
treatment, restricted in 
biomarker-positive patients

Estimate 𝒄"𝒕∗
Test biomarker-
by-treatment 
interaction Estimate and test  𝜟𝒕∗

in overall patients

Significant 
interaction

Insignificant 
interaction

𝑡 = 0 𝑡 = 𝑡! 𝑡 = 𝑡" 𝑡 = 𝑡#

Continue 
follow-up

Stage IIStage I

Figure 4.1: Diagram of the two-stage adaptive and enrichment design.

In Stage II, n2 patients per treatment arm are accrued, and the enrollment continues

from t1 to t2, resulting in a total of n “ 2n1 ` 2n2. All patients are continuously

followed up until t3, and we assume t3 ą t˚. After completing the follow-up, we esti-

mate a biomarker cutpoint, denoted as ĉt˚ . 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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• Null hypothesis H00: There is no positive biomarker-by-treatment interaction

for RMST.

• Alternative hypothesis Ha0: 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 H00 is rejected, we estimate and test the treatment effect (i.e., RMST differ-

ence) within the biomarker-positive subgroup pĉt˚ , 1s. This hypothesis test, denoted

as Hypothesis One, is written as:

• Null hypothesis H01: The RMST difference in the positive group “ 0.

• Alternative hypothesis Ha1: The RMST difference in the positive group ą 0.

Second, if H00 is not rejected, we estimate and test the treatment effect in the overall

population. This hypothesis test, denoted as Hypothesis Two, is written as:

• Null hypothesis H02: The RMST difference in the overall population “ 0.

• Alternative hypothesis Ha2: The RMST difference in the overall population

ą 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
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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,

hzpt|Xq, 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 ith patient and jth time interval, the Equations (4.1) and (4.2) can be jointly

written as follows:

logpλzi,ijq “ logpλzi,jq ` γziXi, for t P rτzi,j´1, τzi,jq, (4.4)

where zi P t0, 1u is the treatment indicator and λzi,j is the baseline hazard in the jth

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 λ̂z,j

and γ̂z for z P t0, 1u. The details are presented in Appendix D.

If the number of intervals Jz and the change points τz,0, . . . , τz,Jz 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 Jz and estimate τz,1, . . . , τz,Jz´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 Jz ě 2, we at first compute the
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maximum likelihood estimates for both the piecewise hazards αz,j and change points

τz,j for j “ 1, . . . , Jz ´ 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 α˚, they suggested using α˚pkq “ α˚

2k´1 for

the kth 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 t˚, 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 t1 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 t1 and t˚. As such, when a sufficient

number of patients are being followed up beyond t˚, 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 “

minpT, t˚q denote the truncated time-to-event outcome at t˚, the RMST up to t˚

given the biomarker and treatment is defined by µpt˚|X,Zq “ EpY |X,Zq. The
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RMST regression model is written as follows:

gpµpt˚|X,Zqq “ β0 ` β1Z ` β2X ` β3ZX, (4.5)

where gp¨q 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

β̂ “ rβ̂0, β̂1, β̂2, β̂3s
T .

Under the identity link, the conditional RMSTs given X under the experimental and

control treatments can be written as follows:

µ̂pt˚|X, 1q “ β̂0 ` β̂1 ` β̂2X ` β̂3X, (4.6)

µ̂pt˚|X, 0q “ β̂0 ` β̂2X.

Consequently, the conditional RMST difference comparing the experimental and con-

trol is µ̂pt˚|X, 1q ´ µ̂pt˚|X, 0q “ β̂1 ` β̂3X. Under the assumption that the treat-

ment effect is positively related to the biomarker value, i.e., β3 ą 0, the cutpoint

ĉt˚ “ ´β̂1{β̂3 and the biomarker-positive group is defined as X P r´β̂1{β̂3, 1s.

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 “ minpT,Cq)

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 t3 ą 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 ct˚ denote the true biomarker cutpoint, the treatment effect estimand, denoted

as ∆
pP q
t˚ , is defined by the marginal RMST difference between the experimental and

control treatments among the true biomarker-positive subgroup pct˚ , 1s. It can be

formally written as:

∆
pP q
t˚ “

ż 1

ct˚

tµ1pt
˚
|xq ´ µ0pt

˚
|xqu dF`pxq, (4.7)

where µ1pt
˚|xq and µ0pt

˚|xq are the conditional RMST for the experiment and control

treatments, respectively, and F`pxq is the cumulative distribution function of X

within the true biomarker-positive subgroup. Note that ∆
pP q
t˚ “ ∆

pOq
t˚ when ct˚ “ 0

in Equation (4.7).

4.4.1 Naive Unadjusted Estimator

The naive unadjusted method employs Equation (1.1) to estimate ∆t˚ . Assume

at the end of Stage II, there are a total of n` patients from both stages in the

estimated biomarker-positive subgroup pĉt˚ , 1s. For i “ 1, ..., n` and z “ 0, 1, let

Nziptq “ IrUi ď t; δi “ 1;Zi “ zs denote the individual treatment-specific counting

process and Yziptq “ IrUi ě t;Zi “ zs denote the individual treatment-specific

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

Ŝzptq “
ś

uďt

!

1´ dNzpuq
Yzpuq

)

, where Nzpuq “
řn`

i“1Nzipuq and Yzpuq “
řn`

i“1 Yzipuq.

The naive unadjusted RMST difference estimator is:

∆̂1pt
˚
q “

ż t˚

0

!

Ŝ1ptq ´ Ŝ0ptq
)

dt. (4.8)
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The estimator ∆̂1pt
˚q is consistent with ∆

pP q
t˚ when the estimated biomarker cutpoint

ĉt˚ is unbiased to ct˚ and the biomarker distribution of n` patients aligns with F`pxq.

According to Zhao et al. (2016); Tian et al. (2018), as the sample size n` Ñ 8,

?
n`t∆̂1pt

˚q ´∆
pP q
t˚ u

d
Ñ N p0, σ2

1pt
˚qq, where σ2

1pt
˚q is estimated by:

σ̂2
1pt

˚
q “

ż t˚

0

#

ż t˚

t

Ŝ1puqdu

+2
dΛ̂1ptq

Y1ptq{n`
`

ż t˚

0

#

ż t˚

t

Ŝ0puqdu

+2
dΛ̂0ptq

Y0ptq{n`
.

Here, Λ̂zptq “ ´logtŜzptqu is the Nelson-Aalen estimator for the cumulative hazard

function for z P t0, 1u.

However, since the proposed design uses a different biomarker cutpoint ĉ0 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 P pĉt˚ , 1s. Specifically,

when ĉ0 ď ĉt˚ , the biomarker value of the enriched patients in Stage II would cover

the range of X P pĉt˚ , 1s. In such a situation, the distribution of n` patients matches

with the true distribution for X P pĉt˚ , 1s. When ĉ0 ą ĉt˚ , the biomarker values

of the enriched patients represent only a subset of pĉt˚ , 1s. In such a situation, the

distribution of these patients’ biomarkers would be truncated to X P pĉ0, 1s. This

could lead to an overestimation of ∆̂1pt
˚q for ∆

pP q
t˚ 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`pxq.

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`pXq. 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 ñ` patients are accrued from Stage I. For each patient i “ 1, . . . , n`, the CW pi

is calculated through an optimization problem using the negative entropy objective

function as follows:

min

#

n`
ÿ

r“1

pilogppiq

+

,

with constraints:

n`
ÿ

i“1

pigpXiq “ g̃

n`
ÿ

i“1

pi “ 1.

Here, we let gpXiq “ rXi, X
2
i s
T and g̃ “

řñ`

i“1rXi, X
2
i s
T {ñ`. 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 pi’s sum to a normalization constant of one, which guarantees a valid density

function (Hainmueller, 2012; Zhao and Percival, 2016).

The CW pi can be solved by using Lagrange Multiplier (De la Fuente, 2000).

p̂i “
exptλTgpXiqu

řn`

i“1 exptλTgpXiqu
, (4.9)

where λ solves
řn`

i“1 exptλTgpXiqutgpXiq ´ g̃u “ 0.

Next, we present four CW-adjusted estimators of ∆
pP q
t˚ . 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 P t0, 1u, let Ñzptq “
řn`

i“1 p̂iNziptq denote the CW treatment-specific counting

process and Ỹzptq “
řn`

i“1 p̂iYziptq denote the CW treatment-specific at-risk process,

the CW Kaplan-Meier estimator is written as:

∆̂2pt
˚
q “ µ̃1pt

˚
q ´ µ̃0pt

˚
q, (4.10)

where µ̃zpt
˚q is the treatment-specific CW RMST, defined as:

µ̃zpt
˚
q “

ż t˚

0

S̃zptqdt “

ż t˚

0

ź

uďt

#

1´
dÑzpuq

Ỹzpuq

+

dt.

According to Theorem 1 in Chapter 3.4.1, ∆̂2pt
˚q is consistent with ∆

pP q
t˚ , and as the

sample size n` Ñ 8,
?
n`t∆̂2pt

˚q´∆
pP q
t˚ u

d
Ñ N p0, σ2

2pt
˚qq, where σ2

2pt
˚q is estimated

by:

σ̂2
2pt

˚
q “ n`

ÿ

z“0,1

ż t˚

0

#

ż t˚

u

S̃zptqdt

+2
dÑzpuq

W̃zpuqpỸzpuq ´∆Ñzpuqq
,

where W̃zpuq “ Ỹ 2
z puq{

řn`

i“1 p̂
2
iYzipuq and ∆Ñzpuq “ Ñzpuq ´ Ñzpu´q.

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 m1pXq “ µ̂pt˚|X, 1q

and m0pXq “ µ̂pt˚|X, 0q. The CW G-formula estimator is written as:

∆̂3pt
˚
q “

řn`

i“1 p̂itm1pxiq ´m0pxiqu
řn`

i“1 p̂i
“

n`
ÿ

i“1

p̂ipβ̂1 ` β̂3xiq (4.11)
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According to Theorem 2 in Chapter 3.4.2, when the outcome models are not mis-

specified, ∆̂3pt
˚q is consistent with ∆

pP q
t˚ . As the sample size n` Ñ 8,

?
n`t∆̂3pt

˚q´

∆
pP q
t˚ u

d
Ñ N p0, σ2

3pt
˚qq, where σ2

3pt
˚q can be estimated using the Delta method (Dowd

et al., 2014):

σ̂2
3pt

˚
q “ n`J

T
β̂

Σβ̂Jβ̂,

where Σβ̂ “

ˆ

Varpβ̂1q Covpβ̂1, β̂3q

Covpβ̂1, β̂3q Varpβ̂3q

˙

is the variance-covariance matrix of the

parameter vector rβ̂1, β̂3s
T and

Jβ̂ “

n`
ÿ

i“1

Bp̂ipβ̂1 ` β̂3xiq

Brβ̂1, β̂3s
T

“ r1,

n`
ÿ

i“1

p̂ixis
T .

Calibration Weighted Hajek Estimator

By combining the IPCW estimator of RMST, µ̂IPCW pt
˚q as defined in Equation (1.2),

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

∆̂4pt
˚
q “

řn`

i“1 p̂iZiwiYi
řn`

i“1 p̂iZiwi
´

řn`

i“1 p̂ip1´ ZiqwiYi
řn`

i“1 p̂ip1´ Ziqwi
, (4.12)

where Yi “ minpTi, t
˚q is the truncated time-to-event outcome and wi “ δ˚i {ĜpYiq

is the IPCW for the ith patient. According to Theorem 3 in Chapter 3.4.3, ∆̂4pt
˚q

is consistent with ∆
pP q
t˚ . As n` Ñ 8,

?
n`t∆̂4pt

˚q ´ ∆
pP q
t˚ u

d
Ñ N p0, σ2

4pt
˚qq. The

derivation of the asymptotic variance σ̂2
4pt

˚q 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:

∆̂5pt
˚
q “

řn`

i“1 p̂iZiwitYi ´m1pxiqu
řn`

i“1 p̂iZiwi
´

řn`

i“1 p̂ip1´ ZiqwitYi ´m0pxiqu
řn`

i“1 p̂ip1´ Ziqwi

`

řn`

i“1 p̂itm1pxiq ´m0pxiqu
řn`

i“1 p̂i
. (4.13)

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, ∆̂5pt
˚q is consistent with ∆

pP q
t˚ . As the sample size

n` Ñ 8,
?
n`t∆̂5pt

˚q´∆
pP q
t˚ u

d
Ñ N p0, σ2

5pt
˚qq, and we derive the asymptotic variance

σ̂2
5pt

˚q 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., h0pt|Xq “ h1pt|Xq for any X P r0, 1s. As outlined in

Chapter 4.2.3, our proposed design incorporates one null hypothesis H00 for testing

positive biomarker-by-treatment interaction and two null hypotheses H01 and H02

for testing treatment effect. We discuss the type I error rate controls on these two

aspects.

First, we assign α0 as the significant level for testing H00. 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

β3 ą 0. As such, the Hypothesis Zero can be rewritten as:
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• H00: β3 “ 0.

• Ha0: β3 ą 0.

The test statistic is defined as Zβ3 “
?
nβ̂3{σ̂β3 , where σ̂β3{

?
n is the standard error

of β̂3. Under the null hypothesis H00, Zβ3 „ Np0, 1q. To control the Type I error

rate at α0, the critical value for rejecting H00 is q0 “ Φ´1p1 ´ α0q, where Φ´1p¨q is

the inverse cumulative distribution function of standard normal distribution.

Second, we define the family-wise type I error rate α for testing the treatment effect

as the probability of rejecting H01 or H02 under the global null. We allocate α1 and

α2 to test H01 and H02, respectively. Since H01 and H02 are mutually exclusive, we

have α “ α1`α2. We denote Z
pP q
l and Z

pOq
l 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 Z
pP q
l “

?
n`∆̂

pP q
l pt˚q{σ̂

pP q
l pt˚q and Z

pOq
l “

?
n∆̂

pOq
l pt˚q{σ̂

pOq
l pt˚q, for

l “ 1, ..., 5. Here, ∆̂
pP q
l pt˚q is the treatment effect estimator for the biomarker-positive

subgroup, and ∆̂
pOq
l pt˚q is the treatment effect estimator for the overall patients which

can be estimated by letting the estimated biomarker cutpoint ĉt˚ “ 0. As such, α1

and α2 are calculated as follows:

α1 “ P pH01 is rejected | global nullq

“ P pH01 is rejected |H00 is rejectedq ˆ P pH00 is rejected | global nullq

“ P pZ
pP q
l ą q|H00 is rejectedq ˆ P pZβ3 ą q0| global nullq

“ π1 ˆ α0, (4.14)
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α2 “ P pH02 is rejected | global nullq

“ P pH02 is rejected |H00 is not rejectedq ˆ P pH00 is not rejected| global nullq

“ P pZ
pOq
l ą q|H00 is not rejectedq ˆ P pZβ3 ď q0| global nullq

“ π2 ˆ p1´ α0q. (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 α̃ for

testing the conditional treatment effects, such that q “ Φ´1p1 ´ α̃q. Here, π1 is the

conditional error rate for H01 when H00 is rejected and π2 is the conditional error

rate for H02 when H00 is not rejected. When H00 is not rejected, Z
pOq
l „ Np0, 1q, thus

we have π2 “ α̃. When H00 is rejected, a biomarker is estimated from the prediction

method as introduced in Chapter 4.3.1, and we calculate π1 through Monte Carlo

method. Taking JAVELIN Lung 200 as an example, π1 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

α by adjusting the critical values q and q0.

4.5.2 Global Power

To estimate the power of our design, we need to consider a specific alternative setting

with hazard functions h1pt|Xq and h0pt|Xq. We assume Ha1 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 Ha1, the estimated biomarker

cutpoint ĉt˚ is identifiable and unbiased to the true cutpoint ct˚ (shown in simulation

study), the test statistic Z
pP q
l is calculated for the true biomarker-positive subgroup

pct˚ , 1s.

Once the critical values q and q0 are determined in Equations (4.14) and (4.15), the
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global power can be calculated as:

Global Power “ P pZ
pP q
l ą q|H00 is rejected, Ha1q ˆ P pZβ3 ą q0|Ha1q (4.16)

` P pZ
pOq
l ą q|H00 is not rejected, Ha1q ˆ P pZβ3 ď q0|Ha1q,

where q “ Φ´1p1´ α̃q and q0 “ Φ´1p1´ α0q.

4.5.3 Sample Size Calculation

Given the global power and the critical values q and q0, 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` “ fpn, ct˚q

is a function of n and ct˚ based on the enrichment strategy and accrual rate in

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

fpn, ct˚q “ np1´ ct˚q.

Under Ha1, we define the true RMST difference in the biomarker-positive subgroup

and the overall patients as ∆
pP q
t˚ and ∆

pOq
t˚ , respectively. Then we have:

∆̂
pP q
l pt˚q ´∆

pP q
t˚

σ̂
pP q
l pt˚q{

?
n`

„ Np0, 1q and
∆̂
pOq
l pt˚q ´∆

pOq
t˚

σ̂
pOq
l pt˚q{

?
n

„ Np0, 1q, for l “ 1, . . . , 5.

To test the positive biomarker-by-treatment interaction, we have β̂3´β3
σ̂β3{

?
n
„ Np0, 1q

under Ha1. Therefore, P pZβ3 ą q0|Ha1q “ 1 ´ Φpq0 ´
β3

σ̂β3{
?
n
q. Let η “ P pZβ3 ą

q0|Ha1q, the Equation (4.16) can be written as:

Global Power “

«

1´ Φpq ´
∆
pP q
t˚

σ̂
pP q
l pt˚q{

a

fpn, ct˚q
q

ff

ˆ η

`

«

1´ Φpq ´
∆
pOq
t˚

σ̂
pOq
l pt˚q{

?
nq

ff

ˆ p1´ ηq (4.17)
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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 ∆
pP q
t˚ and ∆

pOq
t˚ can be theoretically derived from the hazard

functions h1pt|Xq and h0pt|Xq. Additionally, both σ
pP q
l pt˚q and σ

pOq
l pt˚q can be esti-

mated by Monte Carlo method as described in Lu and Tian (2021). Take σ
pOq
l pt˚q

for example, one may first simulate a data set of a large sample size M under Ha1,

and then calculate the centered RMST estimates,

I “
?
M

!

∆̂
pOq
l pt˚q ´∆

pOq
t˚

)

.

After repeating this process a large number of B times, σ̂
pOq
l pt˚q can be approximated

by
b

řB
b“1 I

2
b {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:

h0pt|Xq “ 2.5logp2q,

h1pt|Xq “

#

6logp2q ˆ expt´0.8Xu for t ď 1{6

2logp2q ˆ expt´0.8Xu for t ą 1{6.
(4.18)
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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 ě 1%, in this design. As

such, we assume the distribution of X follows Unifp0.01, 1q. 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 ě 1% and ě 50%. These curves closely

resemble those depicted in Supplemental Figure 3 of Barlesi et al. (2018), where the

PH assumption is clearly violated.

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

In the two-stage enrichment design, we assume patients are uniformly enrolled from

time 0 to t1 “ 0.5 year in Stage I. The enrichment occurs at the end of Stage I at

t1 “ 0.5. Subsequently, in Stage II, patients are uniformly enrolled from t1 to t2 “ 1

year, with restriction in the biomarker-positive subgroup. We assume equivalent

accrual rates across both stages. All patients will be followed up until t3 “ 2.5 years.
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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 Li follows an exponential distribution with a rate ´logp1´ 0.05q{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 ct˚ “ 29.6%. Consequently, the marginal RMST

difference among the biomarker-positive subgroup pct˚ , 1s is ∆
pP q
t˚ “ 0.137 years and

the marginal RMST difference in the overall patients is ∆
pOq
t˚ “ 0.082 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

equation is determined as n
2
p1`

1´ct˚
0.99

q.

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., ĉ0 “ ĉt˚ “ ct˚ . Consequently,

the distribution of the included biomarker-positive patients aligns with the true dis-

tribution of F`pxq. In such a situation, utilizing the calibration weighting method

to balance distributions becomes unnecessary, and we can set p̂i “ 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., α0 “

2.5% for testingH00). Next, we use Monte Carlo method to determine the significance

level of α̃ for testing the conditional treatment effects (i.e., H10 and H20). We conduct

a simulation under the global null setting where h1pt|Xq “ h0pt|Xq “ 2.5logp2q with
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a total sample size n “ 10, 000 across a range of α̃ P t1.5%, 1.6%, ..., 2.5%u. Based

on the testing results from 10,000 simulated datasets, the family-wise type I error

rate can be controlled at 2.5% with α̃ “ 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 q0 “ Φ´1p0.975q

and q “ Φ´1p0.977q. Additionally, the asymptotic variance σ̂2
β3

, rσ̂l
pP q
pt˚qs2, and

rσ̂l
pOq
pt˚qs2 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 (∆̂2pt
˚q),

G-Formula estimator (∆̂3pt
˚q), Hajek estimator (∆̂4pt

˚q), and Augmented estima-

tor (∆̂5pt
˚q). 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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Figure 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, n1 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 t1 “ 1 year. For each

patient i, the enrolled time Ei „ Unifp0, t1q. In Stage II, an additional n2 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 t1 to t2 “ 2 years. All patients will be followed up until t3 “ 4 years.

The all-comer design accrues and randomizes a total of n “ 2 ˆ pn1 ` n2q 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 2n1 patients

are uniformly enrolled from time 0 to t1 and the other 2n2 patients are uniformly

enrolled from t1 to t2. All patients will be followed up until t3.

In both designs, the event time Ti for Z P t0, 1u is generated from the following

hazard functions:

h0pt|Xq “ 0.9,

h1pt|Xq “

#

0.9ˆ expt0.9p1´Xqu for t ď 0.25

0.45ˆ expt0.9p1´Xqu for t ą 0.25,
(4.19)

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 Li follows an exponential distribution, specif-

ically Li „ expp0.12q. For an analysis conducted at time t1 P tt1, t3u, the censoring

time for the ith patient is defined as Ci “ minpLi, t
1 ´Eiq. In Figure 4.4, we present

the true RMST curves by the biomarker values and their intersection point between

the two treatments.

RMST curves between Z=1 and Z=0
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Figure 4.4: RMST curves by the biomarker values for Z “ 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 ct˚ “ 0.519, and the true marginal RMST differences among

the biomarker-positive subgroup pct˚ , 1s and overall patients are ∆
pP q
t˚ “ 0.134 and

∆
pOq
t˚ “ ´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 q “ q0 “ Φ´1p0.975q, 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 n1 “ n2 “ 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, ĉ0, 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, ĉt˚ , under all four

design scenarios.

Treatment Effect Estimation

We compare five treatment effect estimators, ∆̂lpt
˚q for l “ 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 ĉt˚ and

the true fixed biomarker cutpoint ct˚ “ 0.519 to determine the biomarker-positive

subgroup.

When estimating the marginal RMST difference using the estimated biomarker cut-

point ĉt˚ , 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 ct˚ , we evaluate

the bias, coverage probability, estimated standard errors (Erσ̂lpt
˚qs) and the stan-

dard deviations (

b

V arr∆̂lpt˚qs) of each estimator. This helps verify the correctness

of the proposed variance of each estimator (i.e., σ̂2
l pt

˚q for l “ 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 α0 “ α̃ “

2.5% (see definitions in Chapter 4.5.1), so that the associated critical values are

q “ q0 “ Φ´1p0.975q. 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 r0, ct˚q.

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 α0 P t1.5%, 2.0%, 2.5%, 3.5%u for test-

ing the positive biomarker-by-treatment interaction, and α̃ P t2.0%, 2.3%, 2.5%u 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, ĉ0, 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 ĉ0 “ 0.506 (bias = -0.013).

For Prediction Method C, where both change points and their locations are unknown,

the estimated cutpoint is ĉ0 “ 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 ĉ0 in Stage I in the two-stage enrichment
design by using three prediction methods in simulation study. S.D.: standard devi-
ation.

Prediction Method ĉ0 Bias of ĉ0 S.D. of ĉ0

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 ĉt˚ in Stage II using RMST regression
methods under four simulation design scenarios. S.D.: standard deviation.

Design Scenario ĉt˚ Bias of ĉt˚ S.D. of ĉt˚

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, ĉt˚ , 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 I.

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 ĉt˚ . 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`pxq. 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, ∆̂3pt
˚q,

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 ĉt˚ . RMSTD: marginal RMST difference in the estimated biomarker-positive
subgroup, C.P.: coverage probability. ∆̂1pt

˚q: Naive unadjusted estimator; ∆̂2pt
˚q:

CW Kaplan-Meier estimator; ∆̂3pt
˚q: CW G-formula estimator; ∆̂4pt

˚q: CW Hajek
estimator; ∆̂5pt

˚q: CW augmented estimator.

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

1 ∆̂1pt
˚q 0.135 0.001 98.5%

(All-Comer) ∆̂2pt
˚q 0.134 0.000 98.4%

∆̂3pt
˚q 0.134 0.000 99.0%

∆̂4pt
˚q 0.134 0.000 98.8%

∆̂5pt
˚q 0.135 0.001 98.8%

2 ∆̂1pt
˚q 0.144 0.010 96.5%

(Enrichment) ∆̂2pt
˚q 0.134 0.000 97.8%

∆̂3pt
˚q 0.135 0.001 98.5%

∆̂4pt
˚q 0.135 0.001 98.2%

∆̂5pt
˚q 0.135 0.001 98.1%

3 ∆̂1pt
˚q 0.143 0.009 96.8%

(Enrichment) ∆̂2pt
˚q 0.135 0.001 97.8%

∆̂3pt
˚q 0.135 0.001 98.5%

∆̂4pt
˚q 0.135 0.001 98.1%

∆̂5pt
˚q 0.135 0.001 98.1%

4 ∆̂1pt
˚q 0.145 0.010 95.4%

(Enrichment) ∆̂2pt
˚q 0.135 0.001 97.5%

∆̂3pt
˚q 0.135 0.001 98.2%

∆̂4pt
˚q 0.135 0.001 97.8%

∆̂5pt
˚q 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 ct˚ . 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. Bias of S.E. of S.D. of C.P. of
Scenario RMSTD RMSTD RMSTD RMSTD RMSTD

1 ∆̂1pt
˚q 0.135 0.001 0.048 0.048 94.7%

(All-Comer) ∆̂2pt
˚q 0.134 -0.000 0.050 0.051 94.7%

∆̂3pt
˚q 0.134 -0.000 0.044 0.045 94.6%

∆̂4pt
˚q 0.134 -0.000 0.052 0.051 95.8%

∆̂5pt
˚q 0.134 -0.000 0.052 0.051 95.7%

2 ∆̂1pt
˚q 0.144 0.010 0.040 0.040 94.5%

(Enrichment) ∆̂2pt
˚q 0.133 -0.001 0.044 0.046 94.8%

∆̂3pt
˚q 0.133 -0.001 0.038 0.039 94.7%

∆̂4pt
˚q 0.133 -0.001 0.046 0.046 95.7%

∆̂5pt
˚q 0.133 -0.001 0.046 0.046 95.6%

3 ∆̂1pt
˚q 0.143 0.009 0.040 0.040 94.6%

(Enrichment) ∆̂2pt
˚q 0.133 -0.001 0.043 0.045 94.7%

∆̂3pt
˚q 0.133 -0.001 0.038 0.039 94.7%

∆̂4pt
˚q 0.134 -0.000 0.045 0.046 95.5%

∆̂5pt
˚q 0.134 -0.000 0.045 0.046 95.4%

4 ∆̂1pt
˚q 0.145 0.011 0.041 0.042 93.5%

(Enrichment) ∆̂2pt
˚q 0.134 -0.000 0.045 0.048 94.6%

∆̂3pt
˚q 0.134 -0.000 0.038 0.040 94.4%

∆̂4pt
˚q 0.134 -0.000 0.047 0.048 95.3%

∆̂5pt
˚q 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 ∆̂1pt
˚q ∆̂2pt

˚q ∆̂3pt
˚q ∆̂4pt

˚q ∆̂5pt
˚q

1 1048 83.7% 80.0% 89.8% 77.4% 77.7%
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, ∆̂3pt
˚q, 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, ∆̂1pt
˚q, 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 α0 under Design Scenarios 1, 2,

and 4. As outlined in Chapter 4.5.1, under the global null, P pZβ3 ą q0q “ α0, where

q0 “ Φ´1p1´ α0q. Consequently, the type I error rate should align with the nominal
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significance level (i.e., α0). 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.
α0: significance level for testing Hypothesis Zero.

α0 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 α̃ and α0 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 α0 or α̃. Notably, the family-wise type

I error rate is more sensitive to changes in α̃ than α0. 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 (∆̂4pt
˚q and

∆̂5pt
˚q) 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 (∆̂3pt
˚q), one option is to set α0 “ 0.015 and

α̃ “ 0.023.
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Table 4.7: Family-wise type I error rate under each design scenario. α0: Significance
level for testing positive biomarker-by-treatment interaction; α̃: Significance level for
testing conditional treatment effect.

Design Scenario α0 α̃ ∆̂1pt
˚q ∆̂2pt

˚q ∆̂3pt
˚q ∆̂4pt

˚q ∆̂5pt
˚q

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, γz remains constant over

time. In situations where γz 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

108



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 kpk ě 1q 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
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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 t˚, 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 β̂ 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 β̂ in IPCW RMST Regression

The large sample properties of the parameters β̂ in the IPCW RMST regression can

be derived from the M-estimator theory (Stefanski and Boos, 2002). Assume that β̂

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

Unpβ̂q “
n
ÿ

i“1

witYi ´ g
´1
pX̃T

i β̂quX̃
T
i “ 0.
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Let Upβq “ ErwitYi ´ g´1pX̃T
i β̂quX̃

T
i s and β be the unique root of Upβq “ 0. It

follows that β̂ converges to β in probability.

Applying a first-order Taylor expansion of Unpβ̂q around β, we have

0 “ Unpβ̂q « Unpβq `

ˆ

BUnpβq

Bβ

˙

β“ ˆβ
pβ̂ ´ βq.

It follows that

?
npβ̂ ´ βq “ ´

ˆ

n´1BUnpβq

Bβ̂

˙´1
1
?
n
Unpβq.

And we have

´
1

n

BUnpβq

Bβ̂
“

1

n

n
ÿ

i“1

wig
1´1
pX̃iβ̂qX̃iX̃

T
i

p
Ñ E

”

g1´1
pX̃iβ̂qX̃iX̃

T
i

ı

” A0

As such,

?
npβ̂ ´ βq “ A´1

0

1
?
n

n
ÿ

i“1

wipYi ´ g
´1
pX̃T

i β̂qqX̃
T
i .

The influence function of β̂ is A´1
0 witYi ´ g´1pX̃T

i β̂quX̃
T
i . Therefore,

?
npβ̂ ´ βq is

asymptotic normal with mean (vector) zero, and the covariance matrix A´1
0 B0A

´1
0 ,

where

B0 “ E
”

tYi ´ g
´1
pX̃T

i β̂qu
2X̃T

i X̃i

ı

.
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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 tpUi, δi, X̃iq, i “ 1, . . . , nu, the pseudo value of RMST for each

patient is derived by the jackknife approach as follows:

1. Let the parameter of interest be µpt˚q “ ErminpT, t˚qs.

2. For i “ 1, . . . , n, define the conditional expectation as µipt
˚q “

EpminpTi, t
˚q|X̃iq.

3. The ith pseudo observation of RMST is defined as

µ̂ipt
˚
q “ n ¨ µ̂pt˚q ´ pn´ 1q ¨ µ̂´ipt˚q

“ n

ż t˚

0

Ŝptqdt´ pn´ 1q

ż t˚

0

Ŝ´iptqdt,

where Ŝptq is the Kaplan-Meier estimator of Sptq among all n patients while Ŝ´iptq

is the “leave-one-out” Kaplan-Meier estimator by excluding the ith patient. Since

the Kaplan-Meier estimator is approximately unbiased for the survival function in

large samples, both µ̂pt˚q and µ̂´ipt˚q are approximately unbiased to µpt˚q. Thus we

have Epµ̂ipt
˚qq “ µpt˚q for i “ 1, . . . , n. Then the pseudo RMST regression model is

written as follows:

gpµipt
˚
qq “ gpErµ̂ipt

˚
q|X̃sq “ X̃Tγ, (A.1)

where gp¨q is the link function (e.g., log link or identity link). The regression coef-

ficients γ can be estimated from a generalized estimation equation (Andersen and

Pohar Perme, 2010) as follows:

Unpγ̂q “
n
ÿ

i“1

"

Bg´1px̃Ti γ̂q

Bγ
V ´1
i rµ̂ipt

˚
q ´ g´1

px̃Ti γ̂qs

*

“ 0,
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where V ´1
i is the working covariance matrix for µ̂ipt

˚q (Liang and Zeger, 1986). The

derivation of the asymptotic normality of
?
npγ̂ ´ γq is similar to β̂ 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 x “ 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 “
řJ
j“1 nj, Equation (2.3) can be written in a

matrix form as follows:

gpµprqq “ pA,X1, . . . ,XP qpα
T ,βT1 , . . . ,β

T
P q

T
` ZA1a

1
1 ` ¨ ¨ ¨ ` ZAKa1K

`

P
ÿ

l“1

rZX1pb
1
1p ` ¨ ¨ ¨ ` ZXKpb

1
Kps

“ X̃γ `
K
ÿ

k“1

ZAka
1
k `

P
ÿ

l“1

K
ÿ

k“1

ZXkpb
1
kp

“ X̃γ ` Z̃r (B.1)

In Equation (B.1), µprq “ pµ
prq
i qi“1,...,N is a N ˆ 1 vector, where µ

prq
i “ EpYi|rq is

the conditional expectation of the response Yi. The conditional variance for Yi is

VarpYi|rq “ φvpµ
prq
i q. α “ pα1, . . . , αkq

T and βp “ pβ1p, . . . , βKpq
T are the parameter

vectors for the fixed effect. A is an NˆK design matrix for the treatments and Xp is

an N ˆK design matrix for the treatment-by-the pth covariate, for p “ 1, . . . , P . We

let X̃ be partitioned as pA,X1, . . . ,XP q and γ be partitioned as pαT ,βT1 , . . . ,β
T
Lq

T .

ZAk is a N ˆ J design matrix for the random treatment effects a1k “ pa1k, . . . , aJkq
T ,

and ZXkp is the N ˆ J design matrix for the random treatment-by-the pth covariate

effects b1kp “ pb1kp, . . . , bJkpq
T . The elements of the matrices ZAk and ZXkp are 0 or 1.

We let Z̃ be partitioned as pZA1, . . . ,ZAK ,ZX11, . . . ,ZXK1, . . . ,ZX1P . . . ,ZXKP q and

r be partitioned as pa11, . . . , a
1
K , . . . ,b

1
11, . . . ,b

1
K1, . . . ,b

1
1P , . . . ,b

1
KP q

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 τ . Note that τ is a composite of parameters that

are involved in R1, 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 γ “ pαT ,βT1 , . . . ,β
T
Lq

T for
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the fixed effect and τ for the random effects. The objective function for estimating

the parameters pγ, τ q is an integrated quasi-likelihood given by

Lpγ, τ q9|R1|
´ 1

2

ż

exp

«

´
1

2φ

N
ÿ

i“1

dipyi, µ
prq
i q ´

1

2
rTD´1r

ff

dr, (B.2)

where

dipy, µq “ ´2wi

ż µ

y

y ´ u

vpuq
du.

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

PQLpγ, rq “ ´
1

2φ

N
ÿ

i“1

dipyi, µ
prq
i q ´

1

2
rTD´1r, (B.3)

which is called the penalized quasi-likelihood (PQL). Here, the components of r serve

as the predictors of the random effects, and γ “ γpτ q and r “ rpτ q are functions

of τ . For fixing τ , differentiation of Equation (B.3) concerning γ and r leads to the

following score functions:

N
ÿ

i“1

pyi ´ µ
prq
i qX̃i

φwivpµ
prq
i qg

1pµ
prq
i q

“ 0, (B.4)

N
ÿ

i“1

pyi ´ µ
prq
i qZ̃i

φwivpµ
prq
i qg

1pµ
prq
i q

“ D´1r, (B.5)

where X̃i and Z̃i are denote as the ith row in X̃ and Z̃.

Breslow and Clayton (1993) used the Fisher scoring method to solve Equations (B.4)

and (B.5) for fixed τ 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, γ̂pτ q and r̂pτ q, are calculated in Equation (B.3) for fixed

τ , they employed further approximation to derive the standard REML estimation

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

Step 1: Given τ and r, the fixed effect γ is solved from

pX̃TV´1X̃qγ “ X̃TV´1Y˚, (B.6)

where Y˚ is a N ˆ 1 working vector having the component gpµ
prq
i q ` pyi ´

µ
prq
i qg

1pµ
prq
i q, V “ Q´1 ` Z̃DZ̃T , and Q is a N ˆ N diagonal matrix with

diagonal terms tφwivpµ
prq
i qrg

1pµ
prq
i qs

2u´1.

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

by:

r̂ “ DZ̃TV´1
pY˚

´ X̃γ̂q. (B.7)

Step 3: Let τi be the component of τ , τi can be obtained from the following estimat-

ing equation:

´
1

2

„

pY˚
´ X̃γ̂qTV´1BV

Bτi
V´1

pY˚
´ X̃γ̂q ´ trpP

BV

Bτi
q



“ 0, (B.8)

where P “ V´1 ´V´1X̃pX̃TV´1X̃q´1X̃TV´1.

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

once convergence is achieved.
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B.2 Simulation Settings

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

k “ 1 k “ 2 k “ 3
α˚k 0.5 1.5 1
β˚k 0.3 0.5 0.7
σk 1 1.5 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 τ “ 0. The RMST regression

model is written as follows:

log pErTi ^ t
˚
|Xi, Zisq “

3
ÿ

k“1

αkIrZi “ ks `Xi

3
ÿ

k“1

βkIrZi “ ks, (B.9)

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
αk 0.687 1.070 0.877
βk 0.171 0.116 0.179
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Figure B.1: Survival curves for three treatments by subgroups x “ 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 τ “ 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 x “ 1 under three scenarios.
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Figure B.3: Simulation results of mean squared error (MSE) of log-RMST of three
treatments (A, B, and C) for the subgroup with x “ 1 under three scenarios.
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Figure B.4: Simulation results of coverage probabilities of log-RMST of three
treatments (A, B, and C) for the subgroup with x “ 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 (τ) 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 τ Coef (95% CI) P-Val τ
Warfarin 3.206 ă.01 0.061 3.207 ă.01 0.089

(3.145, 3.267) (3.119, 3.295)
SD-DOAC 3.221 ă.01 0.092 3.220 ă.01 0.104

(3.131, 3.311) (3.118, 3.322)
LD-DOAC 3.266 ă.01 0.071 3.252 ă.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 ă.01 0.002 -0.007 ă.01 0.001

(-0.009, -0.005) (-0.009, -0.005)
SD:Age -0.007 ă.01 0.003 -0.007 ă.01 0.002

(-0.009, -0.005) (-0.009, -0.005)
LD:Age -0.006 ă.01 0.002 -0.007 ă.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 (τ) 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 τ Coef (95% CI) P-Val τ
Warfarin 3.409 ă.01 0.006 3.408 ă.01 0.000

(3.401, 3.417) (3.404, 3.412)
SD-DOAC 3.414 ă.01 0.005 3.413 ă.01 0.003

(3.408, 3.420) (3.407, 3.419)
LD-DOAC 3.416 ă.01 0.003 3.417 ă.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 ă.01 0.001 -0.002 ă.01 0.000

(-0.002, -0.002) (-0.002, -0.002)
SD:Age -0.002 ă.01 0.000 -0.002 ă.01 0.000

(-0.002, -0.002) (-0.002, -0.002)
LD:Age -0.002 ă.01 0.000 -0.002 ă.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 p̂ri 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

Lpλq “
M
ÿ

r“1

nr
ÿ

i“1

prilogppriq ´
M
ÿ

r“1

λTr

#

nr
ÿ

i“1

prigpXriq ´ g̃

+

´

M
ÿ

r“1

λr0

#

nr
ÿ

i“1

pri ´ 1

+

.

To minimize Lpλq, for i “ 1, . . . , nr, let BL
Bpri

“ 1 ` logppriq ´ λTr gpXriq ´ λr0 “ 0,

we get pri “ exptλTr gpXriqu{expt1 ´ λr0u. Since
řnr
i“1 pri “ 1, then expt1 ´ λr0u “
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řnr
i“1 exptλTr gpXriqu. Therefore,

p̂ri “
exptλTr gpXriqu

řnr
i“1 exptλTr gpXriqu

.

Since
řnr
i“1 prigpXriq “ g̃, after plugging in the p̂ri, we have

nr
ÿ

i“1

exptλTr gpXriqutgpXriq ´ g̃u “ 0.

C.2 Proofs of Theorem 1

We will first show the proof for Theorem 1 concerning the calibration weights p̂ri (i.e.,

the CW-adjusted Kaplan-Meier estimator). The proofs for the inverse probability of

sampling weights, γ̂ri, are similar, and we will provide some discussions on the key

steps.

C.2.1 Notations

For i “ 1, . . . , nr, we let the calibration weighted counting process and at risk process

for Treatment z in Region r be

Ñrzptq “

nr
ÿ

i“1

p̂riq̂rziNrziptq,

Ỹrzptq “

nr
ÿ

i“1

p̂riq̂rziYrziptq,

where Nrziptq “ IrYri ď t; δri “ 1;Zri “ zs and Yrziptq “ IrYri ě t;Zri “ zs. We

denote q̂rzi “
IpZri“zq

π̂ripXriq
zp1´π̂ripXriqq

1´z as the estimated inverse individual treatment-

specific propensity score for qrzipXriq. Suppose the process Mrziptq “ Nrziptq ´
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şt

0
YrzipuqdΛrzpuq, where Λrzptq “ EXr´logtSpt|X, Z “ z,R “ r, d “ 1qus is the

cumulative incidence function. Mrziptq is a martingale with its derivation dMrziptq “

dNrziptq´YrzipuqdΛrzpuq. We define the entropy weighted process M̃rzptq “ Ñrzptq´
şt

0
ỸrzpuqdΛrzpuq, with its derivation:

dM̃rzptq “ dÑrzptq ´ ỸrzptqdΛrzptq

“

nr
ÿ

i“1

p̂riq̂rzirdNrziptq ´ YrziptqdΛrzptqs

“

nr
ÿ

i“1

p̂riq̂rzidMrziptq.

For r “ 1, . . . ,M and z “ 0, 1, let ωrzptq “ P pYri ě t|Zri “ zq and Ȳrzptq “
řnr
i“1 q̂rziYrziptq. We assume that for any fixed 0 ă t˚ ă 8, as nr Ñ 8,

sup
0ďtďt˚

|
Ȳrzptq

řnr
i“1 IrZri“zs

´ ωrzptq|
p
Ñ 0. By

p
Ñ we mean “converges in probability”.

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 gpXq, that is, ρrpXq9exptηTr gpXqu,

the estimated calibration weights satisfy p̂ri ´ pNrρrpXiqq
´1 p
Ñ 0, as nr Ñ 8.

Proof. Let dri “ 1 for RCT participants and dri “ 0 for non-participants in

region r, then Erdr{ρrpXqs “ 1. Let µg0 “ ErgpXqs, by using the M-estimator

theory, we write the objective function, Lpλq, proposed in Appendix C.1 as the

following estimating equations:

1

Nr

Nr
ÿ

i“1

ξ1pXi, dri;µgq “
1

Nr

Nr
ÿ

i“1

dritgpXiq ´ µgu “ 0. (C.1)

1

Nr

Nr
ÿ

i“1

ξ2pXi, dri;µgq “
1

Nr

Nr
ÿ

i“1

driexptλTr gpXiqutgpXiq ´ µgu “ 0. (C.2)
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Notice that µg0 is the solution to Erξ1pX, dr;µgqs “ 0. Taking expectation on the

left hand side of Equation C.2 with µg “ µg0 and under the assumption of

ρrpXq9exptηTr gpXqu leads to

Erξ2pX, dr;µg0qs “ E
“

drexptλTr gpXqutgpXq ´ µg0u
‰

“ E
“

ErdrexptλTr gpXqutgpXq ´ µg0u|Xs
‰

“ E
“

exptλTr gpXqutgpXq ´ µg0uPrpA “ 1|X, R “ rq
‰

9 E
“

exptpλr ` ηrq
TgpXqutgpXq ´ ErgpXqsu

‰

.

For the above expectation to be zero, one needs exptpλr`ηrq
TgpXqu to be a constant,

that is, ηr “ ´λr. Therefore,

p̂rirNrρrpXriqs “
exptλTr gpXriqu

řnr
i“1 exptλTr gpXriqu

rNrρrpXriqs

“
Nr

řNr
i“1 exptλTr gpXriqudri

“ Nr

O

Nr
ÿ

i“1

dri
ρrpXriq

p
Ñ 1.

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 p̂ri and the estimated sampling score, that is, p̂ri ´ pNrρrpXiqq
´1 p
Ñ 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
řM
r“1

řnr
i“1ppri´1qlogppri´1q

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
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reference population, i.e., nr{Nr, 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.2.3 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, S̃rz, where

S̃rzptq “
ź

uďt

#

1´
dÑrzpuq

Ỹrzpuq

+

Let Srzptq “ EF˚rSrzpt|Xqs denote the region-specific average survival function, we

have the following theorem for S̃rz:

Theorem 1*. For any fixed 0 ă t˚ ă 8, as nr Ñ 8,

sup
0ďtďt˚

ˇ

ˇ

ˇ
S̃rzptq ´ Srzptq

ˇ

ˇ

ˇ

p
Ñ 0,

?
nr

!

S̃rzptq ´ Srzptq
)

d
Ñ N

`

0, S2
rzptqσ

2
rzptq

˘

,

where σ2
rzptq “ nrz

şt

0
dΛrzpuq

W̃rzpuq
and Λrzptq “ EXr´logtSpt|X, Z “ z,R “ r, d “ 1qus is

the cumulative incidence function. Let σ̂2
rzptq “

şt

0
nrdÑrzpuq

W̃rzpuqpỸrzpuq´∆Ñrzpuqq
, as nr Ñ 8,

sup
0ďtďt˚

|σ̂2
rzptq ´ σ

2
rzptq|

p
Ñ 0.
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Proof of the consistency in Theorem 1*.

If Srzptq ą 0, by the formulas for integration by parts (referred by the proof of

Theorem 3.2.3 in Fleming and Harrington (1991))

S̃rzptq

Srzptq
“ 1´

ż t

0

S̃rzpu´q

Srzpuq

#

dÑrzpuq

Ỹrzpuq
´ dΛrzpuq

+

.

Srzptq ´ S̃rzptq

Srzptq
“

ż t

0

S̃rzpu´q

Srzpuq

#

dÑrzpuq

Ỹrzpuq
´ dΛrzpuq

+

“

ż t

0

S̃rzpu´q

Srzpuq

#

dÑrzpuq

Ỹrzpuq
´
Ỹrzpuq

Ỹrzpuq
IrỸrzpuq ą 0sdΛrzpuq

´ IrỸrzpuq “ 0sdΛrzpuq
)

“

ż t

0

S̃rzpu´q

Srzpuq

IrỸrzpuq ą 0s

Ỹrzpuq
dM̃rzpuq ´Brzptq,

where Brzptq “
şt

0
S̃rzpu´q
Srzpuq

IrỸrzpuq “ 0sdΛrzpuq. Let τ “ inftu : Ỹrzpuq “ 0u and

B̃rzptq “ BrzptqSrzptq. Then @u ą τ , Ỹrzpuq “ 0,

B̃rzptq “ SrzptqIrτ ă ts

ż t

τ

S̃rzpu´q

Srzpuq
dΛrzpuq

“ SrzptqIrτ ă ts

ż t

τ

S̃rzpu´q

Srzpuq

´dSrzpuq

Srzpu´q

“ SrzptqIrτ ă tsS̃rzpτq

ż t

τ

d
1

Srzpuq

“ Irτ ă ts
S̃rzpτqtSrzpτq ´ Srzptqu

Srzpτq
.
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As nr Ñ 8,

ErB̃rzptqs ď E

„

Irτ ă tst1´
Srzptq

Srzpτq
u



ď E rIrτ ă tst1´ Srzptqus

“ t1´ SrzptquP pỸrzptq “ 0q

“ t1´ Srzptqut1´ ωrzptqu
řnr
i“1 IrZri“zs

Ñ 0.

This implies that as nr Ñ 8, Brzptq
p
Ñ 0. Therefore, for any fixed 0 ă t˚ ă 8,

P

˜

Srzptq ´ S̃rzptq

Srzptq
“ Vrzptq, t P r0, t

˚
s

¸

Ñ 1,

where Vrzptq “
şt

0
S̃rzpu´q
Srzpuq

IrỸrzpuqą0s

Ỹrzpuq
dM̃rzpuq.

Based on Lemma 1,

Vrzptq “

Nr
ÿ

i“1

ż t

0

S̃rzpu´q

Srzpuq

IrỸrzpuq ą 0s

Ỹrzpuq
drip̂riq̂rzidMrzipuq

p
Ñ

1

Nr

Nr
ÿ

i“1

ż t

0

S̃rzpu´q

Srzpuq

IrỸrzpuq ą 0s

Ỹrzpuq

dri
ρrpXriq

q̂rzidMrzipuq

p
Ñ

1

Nr

Nr
ÿ

i“1

ż t

0

S̃rzpu´q

Srzpuq

IrȲrzpuq ą 0s

ωrzpuq
q̂rzi

dri
ρrpXriq

dMrzipuq

p
Ñ E

«

ż t

0

S̃rzpu´q

Srzpuq

IrȲrzpuq ą 0s

ωrzpuq
dMrzipuq

ff

,

where Ȳrzpuq “
řnr
i“1 q̂rziYrzipuq. The second “

p
Ñ” is derived as the following:

1. Since p̂ri ą 0, IrỸrzpuq ą 0s “ Ir
řnr
i“1 p̂riq̂rziYrzipuq ą 0s “

Ir
řnr
i“1 q̂rziYrzipuq ą 0s “ IrȲrzpuq ą 0s.
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2. Ỹrzpuq “
řNr
i“1 drip̂riq̂rziIrYrzi ě us

p
Ñ 1

Nr

řNr
i“1

dri
ρrpXiq

q̂rziIrYrzi ě us
p
Ñ P pYrzi ě

uq “ ωrzpuq.

We let

V ˚rzptq “
1

nr

nr
ÿ

i“1

ż t

0

S̃rzpu´q

Srzpuq

IrȲrzpuq ą 0s

ωrzpuq
q̂rzidMrzipuq

p
Ñ E

«

ż t

0

S̃rzpu´q

Srzpuq

IrȲrzpuq ą 0s

ωrzpuq
dMrzipuq

ff

,

then sup
0ďtďt˚

|Vrzptq ´ V ˚rzptq|
p
Ñ 0. Therefore, to show consistency of S̃tzptq, it is

sufficient to show sup
0ďtďt˚

|V ˚rzptq|
2 p
Ñ 0. Since the process Mrzipuq is a martingale

and the process S̃rzpu´q
Srzpuq

IrȲrzpuqą0s
ωrzpuq

q̂rzi is predictable and bounded, then by Corollary

3.4.1 in Fleming and Harrington (1991) and the assumption of sup
0ďtďt˚

|
Ȳrzptq

řnr
i“1 IrZri“zs

´

ωrzptq|
p
Ñ 0, @ε, η ą 0,

P t sup
0ďtďt˚

|V ˚rzptq|
2
ě εu

ď
η

ε
` P t

nr
ÿ

i“1

ż t˚

0

S̃2
rzpu´q

S2
rzpuq

IrȲrzpuq ą 0s

n2
rω

2
rzpuq

q̂2
rziYrzipuqdΛrzpuq ě ηu

ď
η

ε
` P t

ż t˚

0

S̃2
rzpu´q

S2
rzpuq

IrȲrzpuq ą 0s

n2
rω

2
rzpuq

ȲrzpuqdΛrzpuq ě ηu

ď
η

ε
` P t

Λrzpt
˚q
řnr
i“1 IrZri “ zs

S2
rzpt

˚qn2
rωrzpuq

ě ηu.

By letting η Ñ 0, the right-hand side of the above converge to 0 as nr Ñ 8.

Therefore, as nr Ñ 8, sup
0ďtďt˚

|Vrzptq|
p
Ñ 0, thus sup

0ďtďt˚
|S̃rzptq ´ Srzptq|

p
Ñ 0.
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Proof of the asymptotic normality in Theorem 1*.

We first show a corollary. Let Λ̃rzptq “
şt

0
dÑrzpuq

Ỹrzpuq
, for any fixed 0 ă t˚ ă 8, as

nr Ñ 8,

sup
0ďtďt˚

|Λ̃rzptq ´ Λrzptq|
p
Ñ 0.

Proof of this corollary. For any t P r0, t˚s,

ˇ

ˇ

ˇ
Λ̃rzptq ´ Λrzptq

ˇ

ˇ

ˇ
“

ˇ

ˇ

ˇ

ˇ

ˇ

ż t

0

dÑrzpuq

Ỹrzpuq
´

ż t

0

dΛrzpuq

ˇ

ˇ

ˇ

ˇ

ˇ

ď

ˇ

ˇ

ˇ

ˇ

ˇ

ż t

0

dÑrzpuq

Ỹrzpuq
´

ż t

0

Ỹrzpuq

Ỹrzpuq
IrỸrzpuq ą 0sdΛrzpuq

ˇ

ˇ

ˇ

ˇ

ˇ

`

ˇ

ˇ

ˇ

ˇ

ż t

0

IrỸrzpuq “ 0sdΛrzpuq

ˇ

ˇ

ˇ

ˇ

ď

ˇ

ˇ

ˇ

ˇ

ˇ

ż t

0

IrỸrzpuq ą 0s

Ỹrzpuq
dM̃rzpuq

ˇ

ˇ

ˇ

ˇ

ˇ

` IrỸrzptq “ 0sΛrzptq.

Note that IrỸrzptq “ 0sΛrzptq
p
Ñ 0 as nr Ñ 8. We let Qrzptq “

şt

0
IrỸrzpuqą0s

Ỹrzpuq
dM̃rzpuq.

Qrzptq “

Nr
ÿ

i“1

ż t

0

IrỸrzpuq ą 0s

Ỹrzpuq
drip̂riq̂rzidMrzipuq

p
Ñ

1

Nr

Nr
ÿ

i“1

ż t

0

IrỸrzpuq ą 0s

Ỹrzpuq

dri
ρpXiq

drip̂riq̂rzidMrzipuq

p
Ñ E

„
ż t

0

IrȲrzpuq ą 0s

ωrzpuq
dMrzipuq



.

We let Q˚rzptq “
1
nr

řnr
i“1

şt

0
IrȲrzpuqą0s
ωrzpuq

q̂rzidMrzipuq, then sup
0ďtďt˚

|Qrzptq ´ Q˚rzptq|
p
Ñ 0.

By Corollary 3.4.1 in Fleming and Harrington (1991), @ε, η ą 0,
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P t sup
0ďtďt˚

|Q˚rzptq|
2
ě εu ď

η

ε
` P t

ż t˚

0

IrȲrzpuq ą 0s

n2
rω

2
rzpuq

ȲrzpuqdΛrzpuq ě ηu

ď
η

ε
` P t

Λrzpt
˚q
řnr
i“1 IrZri “ zs

n2
rωrzpuq

ě ηu.

By letting η Ñ 0, the right-hand side of the above converges to 0 as nr Ñ 8.

Therefore, as nr Ñ 8, sup
0ďtďt˚

|Qrzptq|
p
Ñ 0, thus sup

0ďtďt˚
|Λ̃rzptq ´ Λrzptq|

p
Ñ 0.

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

?
nr

!

Srzptq ´ S̃rzptq
)

p
Ñ Srzptq

?
nr

Nr
ÿ

i“1

ż t

0

S̃rzpu´q

Srzpuq

IrỸrzpuq ą 0s

Ỹrzpuq
drip̂riq̂rzidMrzipuq.

We define Hrziptq “
?
nr

S̃rzpu´q
Srzpuq

IrỸrzpuqą0s

Ỹrzpuq
drip̂riq̂rzi, Urzptq “

řNr
i“1

şt

0
HrzipuqdMrzipuq

and Urz,εptq “
řNr
i“1

şt

0
HrzipuqIr|Hrzipuq| ě εsdMrzipuq. Let ă ¨, ¨ ą denote pre-

dictable variation process of martingale, then as nr Ñ 8,

ă Urz, Urz ą ptq “ nr

Nr
ÿ

i“1

ż t

0

H2
rzipuqYrzipuqdΛrzpuq

“ nr

nr
ÿ

i“1

ż t

0

S̃2
rzpu´q

S2
rzpuq

IrỸrzpuq ą 0s

Ỹ 2
rzpuq

p̂2
rirq̂rzis

2YrzipuqdΛrzpuq

p
Ñ nr

ż t

0

řnr
i“1rp̂riIrZri “ zs{πzZip1´ πZiq

1´zs2Yrzipuq

Ỹ 2
rzpuq

dΛrzpuq

“ nr

ż t

0

dΛrzpuq

W̃rzpuq
“ σ2

rzptq,

ă Urz,ε, Urz,ε ą ptq “ nr

Nr
ÿ

i“1

ż t

0

H2
rzipuqIr|Hrzipuq| ě εsYrzipuqdΛrzpuq

p
Ñ 0.

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

and Harrington (1991)),
?
nr

!

S̃rzptq ´ Srzptq
)

d
Ñ N p0, S2

rzptqσ
2
rzptqq. Let Λ̃rzptq “
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şt

0
dÑrzpuq

Ỹrzpuq
, as nr Ñ 8,

σ̂2
rzptq “

ż t

0

nrdÑrzpuq

W̃rzpuqpỸrzpuq ´∆Ñrzpuqq

p
Ñ nr

ż t

0

dΛ̃rzpuq

W̃rzpuq
.

By the corollary showed above, we have sup
0ďtďt˚

|σ̂2
rzptq ´ σ

2
rzptq|

p
Ñ 0.

C.2.4 Proof of Theorem 1

By the consistency of S̃rzptq from Theorem 1*, we can obtain sup
0ďtďt˚

|S̃rzptq´Srzptq|
p
Ñ

0. Then for any fixed 0 ă t˚ ă 8,

|µ̃rzpt
˚
q ´ µrzpt

˚
q| “

ˇ

ˇ

ˇ

ˇ

ˇ

ż t˚

0

S̃rzptqdt´

ż t˚

0

Srzptqdt

ˇ

ˇ

ˇ

ˇ

ˇ

ď t˚ sup
0ďtďt˚

|S̃rzptq ´ Srzptq|

p
Ñ 0.

According to the limiting distribution of S̃rzptq derived in Theorem 1*, and using the

asymptotic theory for functional of S̃rzptq (see Theorem 2.1 and Theorem 3.1 in Gill

(1983)), we have

?
nr tµ̃rzpt

˚
q ´ µrzpt

˚
qu

d
Ñ Np0, τ 2

rzpt
˚
qq,

where τ 2
rzpt

˚q “ nr
şt˚

0
t
şt˚

u
Srzptqdtu

2 dΛrzpuq

W̃rzpuq
, and by the consistency of Λ̃rzptq, we have

|τ̂ 2
rzpt

˚
q ´ τ 2

rzpt
˚
q|

p
Ñ 0,

where τ̂ 2
rzpt

˚q “ nr
şt˚

0
t
şt˚

u
S̃rzptqdtu

2 dÑrzpuq

W̃rzpuqpỸrzpuq´∆Ñrzpuqq
.
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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 S̃rzptq. Lemma 1

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

Assumption 5

Let d1ri 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.,

ErP pd1ri|Xriqs “ Cr. In addition, the conditional probability of being included in the

target population, P pd1ri|Xriq, is independent with the observed time Yri.

In Appendix C.2.3, we have shown that for any fixed 0 ă t˚ ă 8,

P

˜

Srzptq ´ S̃rzptq

Srzptq
“ Vrzptq, t P r0, t

˚
s

¸

Ñ 1,

where

Vrzptq “

ż t

0

S̃rzpu´q

Srzpuq

IrỸrzpuq ą 0s

Ỹrzpuq
dM̃rzpuq

“

Nr
ÿ

i“1

ż t

0

S̃rzpu´q

Srzpuq

IrỸrzpuq ą 0s

Ỹrzpuq
driγriq̂rzidMrzipuq

“
1

Nr

Nr
ÿ

i“1

ż t

0

S̃rzpu´q

Srzpuq

IrỸrzpuq ą 0s

Ỹrzpuq{Nr

dri
ρrpXriq

P pd1ri “ 1|Xriqq̂rzidMrzipuq

p
Ñ

1

Nr

Nr
ÿ

i“1

ż t

0

S̃rzpu´q

Srzpuq

IrȲrzpuq ą 0s

ωrzpuqCr
q̂rzi

dri
ρrpXriq

P pd1ri “ 1|XriqdMrzipuq

p
Ñ E

«

ż t

0

S̃rzpu´q

Srzpuq

IrȲrzpuq ą 0s

ωrzpuq
dMrzipuq

ff

,
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where Ȳrzpuq “
řnr
i“1 q̂rziYrzipuq. And by Assumption 5, we have Ỹrzpuq{Nr “

1
Nr

řNr
i“1 driγriq̂rziIrYrzi ě us “ 1

Nr

řNr
i“1

dri
ρrpXiq

P pd1ri “ 1|Xriqq̂rziIrYrzi ě us
p
Ñ

P pYrzi ě uqCr “ ωrzpuqCr. 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 p̂ri and

IPSW γ̂ri. 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 zr P

t0, 1u in Region r bemr0pXrq “ β̂r0`β̂r2gpX
T
r q andmr1pXrq “ β̂r0`β̂r1`β̂r2gpX

T
r q`

β̂r3gpX
T
r q. Here, we assume that the outcome models are not misspecified. We re-

write ∆̂GF
r pt˚q as follows:

∆̂GF
r pt˚q “ µ̂GFr1 pt

˚
q ´ µ̂GFr0 pt

˚
q,

where µ̂GFr1 pt
˚q “

řnr
i“1 ξ̂rimr1pXriq

řnr
i“1 ξ̂ri

and µ̂GFr0 pt
˚q “

řnr
i“1 ξ̂rimr0pXriq

řnr
i“1 ξ̂ri

.

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

µ̂GFr1 pt
˚
q “

řnr
i“1 p̂rimr1pXriq
řnr
i“1 p̂ri

“ β̂r0 ` β̂r1 ` β̂r2g̃
T
` β̂r3g̃

T ,

where g̃ is the sample moment estimates of gpXq 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˚rµ̂GFr1 pt
˚
qs

p
Ñ EF˚rβr0 ` βr1 ` βr2gpX

T
q ` βr3gpX

T
qs

“ EF˚rmr1pXqs

“ µr1pt
˚
q.

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

tion. Similarly, we have

EF˚rµ̂GFr1 pt
˚
qs

p
Ñ EF˚rβr0 ` βr2gpX

T
qs

“ EF˚rmr0pXqs

“ µr0pt
˚
q.

Then,

EF˚r∆̂GF
r pt˚qs

p
Ñ µr1pt

˚
q ´ µr0pt

˚
q “ ∆rpt

˚
q.

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 θGFr “ rθGFr0 , θ
GF
r1 s

T as the collection of parameters to be

estimated. Then ∆̂GF
r pt˚q “ θ̂GFr1 ´ θ̂GFr0 jointly solves the estimation equations as

follows:

nr
ÿ

i“1

ΦGF
ri pθ

GF
r q “

nr
ÿ

i“1

ˆ

γ̂ritmr1pXriq ´ θ
GF
r1 u

γ̂ritmr0pXriq ´ θ
GF
r0 u

˙

“ 0.
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Taking expectation of ΦGF
ri pθ

GF
r q with respect on the distribution of Fr, we have

EFrΦ
GF
ri pθ

GF
r q “

ˆ

EFrrγ̂ritmr1pXriq ´ θ
GF
r1 us

EFrrγ̂ritmr0pXriq ´ θ
GF
r0 us

˙

“

˜

EFrr
dF˚pXriq

dFrpXriq
tmr1pXriq ´ θ

GF
r1 us

EFrr
dF˚pXriq

dFrpXriq
tmr0pXriq ´ θ

GF
r0 us

¸

“

ˆ

EF˚rmr1pXriq ´ θ
GF
r1 s

EF˚rmr0pXriq ´ θ
GF
r0 s

˙

“

ˆ

EF˚rmr1pXriqs ´ θ
GF
r1

EF˚rmr0pXriqs ´ θ
GF
r0

˙

.

By solving EFrΦ
GF
ri pθ

GF
r q “ 0, we have θGFr1 “ EF˚rmr1pXriqs and θGFr0 “

EF˚rmr0pXriqs. As such, ∆̂GF
r pt˚q is consistent with θGFr1 ´ θGFr0 “ EF˚rmr1pXriqs ´

EF˚rmr0pXriqs “ ∆rpt
˚q.

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, ∆̂HJ
r pt˚q, as follows:

∆̂HJ
r pt˚q “ µ̂HJr1 pt

˚
q ´ µ̂HJr0 pt

˚
q,

where µ̂HJr1 pt
˚q “

řnr
i“1 ξ̂riq̂r1iwriYri
řnr
i“1 ξ̂riq̂r1iwri

and µ̂HJr0 pt
˚q “

řnr
i“1 ξ̂riq̂r0iwriYri
řnr
i“1 ξ̂riq̂r0iwri

. Let θHJr “

rθHJr0 , θ
HJ
r1 s

T as the collection of parameters to be estimated. Then ∆̂HJ
r pt˚q “

θ̂HJr1 ´ θ̂HJr0 jointly solves the estimation equations as follows:

nr
ÿ

i“1

ΦHJ
ri pθ

HJ
r q “

nr
ÿ

i“1

ˆ

ξ̂riq̂r1iwritYri ´ θ
HJ
r1 u

ξ̂riq̂r0iwritYri ´ θ
HJ
r0 u

˙

“ 0.
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First, for the calibration weight (i.e., ξ̂ri “ p̂ri), by Lemma 1, we have:

nr
ÿ

i“1

p̂riq̂r1iwritYri ´ θ
HJ
r1 u

p
Ñ

1

Nr

Nr
ÿ

i“1

dri
ρrpXriq

writYri ´ θ
HJ
r1 u

p
Ñ Er

dri
ρrpXriq

δ˚i

ĜpYiq
tYri ´ θ

HJ
r1 us

p
Ñ ErYris ´ θ

HJ
r1 .

By solving ErYris ´ θ
HJ
r1 “ 0, we have θ̂HJr1 “ ErYris “ µr1pt

˚q. So that θ̂HJr1 is consis-

tent with µr1pt
˚q. Similarly, we can show θ̂HJr0 is consistent with µr0pt

˚q. Therefore,

∆̂HJ
r pt˚q is consistent with ∆rpt

˚q under the calibration weight.

Second, for the inverse probability of sampling weight (i.e., ξ̂ri “ γ̂ri), under the

Assumption 5, we have:

nr
ÿ

i“1

γ̂riq̂r1iwritYri ´ θ
HJ
r1 u

p
Ñ

1

Nr

Nr
ÿ

i“1

dri
ρrpXriq

P pd1ri “ 1|XriqwritYri ´ θ
HJ
r1 u

p
Ñ Er

dri
ρrpXriq

δ˚i

ĜpYiq
CrtYri ´ θ

HJ
r1 us

p
Ñ ErYris ´ θ

HJ
r1 .

Therefore, ∆̂HJ
r pt˚q is consistent with ∆rpt

˚q under the inverse probability of sam-

pling weight.

By the M-estimator theory, as nr Ñ 8,
?
nrpθ̂

HJ

r ´ θHJr q
d
Ñ Np0, nrΣ

HJ
r q, where

ΣHJ
r is the sandwich variance estimator for θ̂

HJ

r as:

ΣHJ
r “

#

nr
ÿ

i“1

BΦHJ
ri pθ

HJ
r q

pBθ̂
HJ

r qT

+´1 # nr
ÿ

i“1

ΦHJ
ri pθ̂

HJ

r qΦHJ
ri pθ̂

HJ

r q
T

+#

nr
ÿ

i“1

BΦHJ
ri pθ

HJ
r q

pBθ̂
HJ

r qT

+´1

.
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Then by continuous mapping theorem,
?
nr

!

∆̂HJ
r pt˚q ´∆rpt

˚q

)

d
Ñ N

`

0, σ2
r,HJpt

˚q
˘

.

The asymptotic variance σ2
r,HJpt

˚q can be estimated by nrr1,´1sΣHJ
r r1,´1sT .

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 ∆̂AG
r pt˚q is ensured by the consistency of ∆̂GF

r pt˚q and ∆̂HJ
r pt˚q.

Here, we show that the weighted Augmented estimator is also consistent with ∆rpt
˚q

when the outcome models are mis-specified.

We re-write the weighted Augmented estimator, ∆̂AG
r pt˚q, as follows:

∆̂AG
r pt˚q “ µ̂AGr1 pt

˚
q ´ µ̂AGr0 pt

˚
q,

where µ̂AGr1 pt
˚q “

řnr
i“1 ξ̂riq̂r1iwritYri´mr1pXriqu

řnr
i“1 ξ̂riq̂r1iwri

`

řnr
i“1 ξ̂rimr1pXriq

řnr
i“1 ξ̂ri

and

µ̂AGr0 pt
˚q “

řnr
i“1 ξ̂riq̂r0iwritYri´mr0pXriqu

řnr
i“1 ξ̂riq̂r0iwri

`

řnr
i“1 ξ̂riq̂r0imr0pXriq

řnr
i“1 ξ̂riq̂r0i

.

First, for the calibration weight (i.e., ξ̂ri “ p̂ri), we have

µ̂AGr1 pt
˚
q

p
Ñ

řnr
i“1 p̂riq̂r1iwriYri
řnr
i“1 p̂riq̂r1iwri

`

nr
ÿ

i“1

p̂rimr1pXriq ´

řnr
i“1 p̂riwrimr1pXriq
řnr
i“1 p̂riwri

“ µ̂HJr1 pt
˚
q `

nr
ÿ

i“1

"

p̂ri ´
p̂riwri

řnr
i“1 p̂riwri

*

mr1pXriq

“ µ̂HJr1 pt
˚
q `

nr
ÿ

i“1

p̂ri

"

1´
wri

řnr
i“1 p̂riwri

*

mr1pXriq.

Since wri{
řnr
i“1 p̂riwri

p
Ñ 1, then we have µ̂AGr1 pt

˚q
p
Ñ µ̂HJr1 pt

˚q. Similarly, we can show

that µ̂AGr0 pt
˚q

p
Ñ µ̂HJr0 pt

˚q. Therefore, we see that ∆̂AG
r pt˚q is consistent with ∆rpt

˚q
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regardless of the outcome model specification under the CW.

Second, for the inverse probability of sampling weight (i.e., ξ̂ri “ γ̂ri), we have

µ̂AGr1 pt
˚
q

p
Ñ µ̂HJr1 pt

˚
q ´

řnr
i“1 γ̂riq̂r1iwrimr1pXriq
řnr
i“1 γ̂riq̂r1iwri

`

řnr
i“1 γ̂rimr1pXriq
řnr
i“1 γ̂ri

.

By M-estimator theory (see proof in Appendix C.3.2), we can show that

řnr
i“1 γ̂riq̂r1iwrimr1pXriq
řnr
i“1 γ̂riq̂r1iwri

p
Ñ EF˚pmr1pXriqq,

řnr
i“1 γ̂rimr1pXriq
řnr
i“1 γ̂ri

p
Ñ EF˚pmr1pXriqq.

As such, µ̂AGr1 pt
˚q

p
Ñ µ̂HJr1 pt

˚q, and similarly, µ̂AGr0 pt
˚q

p
Ñ µ̂HJr0 pt

˚q. Therefore, ∆̂AG
r pt˚q

is consistent with ∆rpt
˚q 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 r1 and r2. We let i index the patient and suppose the

sample sizes in two regions are n1 and n2. We let X1i and X2i denote the individual

variables of X in the two regions. We let ξ1i and ξ2i denote the individual weight in

the two regions.

1. If X is a continuous variable, the weighted absolute SMD is

d “
|X̄1 ´ X̄2|

a

s2
1{2` s

2
2{2

,

where X̄1 “

řn1
i“1X1iξ1i
řn1
i“1 ξ1i

and X̄2 “

řn2
i“1X2iξ2i
řn2
i“1 ξ2i

are the weighted sample mean of

X in each region. s2
1 and s2

2 are the weighted sample variance (Galassi et al.,
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2002) of X in each region, where

s2
1 “

řn1

i“1 ξ1i

p
řn1

i“1 ξ1iq
2 ´

řn1

i“1 ξ
2
1i

n1
ÿ

i“1

ξ1ipX1i ´ X̄1q
2,

and s2
2 has the similar definition.

2. If X is a binary variable, the weighted absolute SMD is

d “
|p1 ´ p2|

a

p1p1´ p1q{2` p2p1´ p2q{2
,

where p1 “

řn1
i“1X1iξ1i
řn1
i“1 ξ1i

and p2 “

řn2
i“1X2iξ2i
řn2
i“1 ξ2i

denote the weighted prevalence of

the dichotomous variable X in each region.

Note that when the weight ξi “ 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˚, µrzpt
˚q, is averaged respect to the distri-

bution of X from the target population represented by a common distribution F ˚ :

X1 „ Unifp0, 1q and X2 „ Np1, 1q. Its true value µ̄rzpt
˚q is

µ̄rzpt
˚
q “

ż

µrzpt
˚
|xqdF ˚pxq

“

ż ż t˚

0

Srzpt|xqdF
˚
pxq

“

ż ż t˚

0

expt´

ż t

0

hpu|z, r,xqudF ˚pxq.

where hpu|z, r,xq “ hpu|Z “ z,R “ r,X1 “ x1, X2 “ x2q is the hazard function of

Equation (3.16). The true average region-specific RMST difference (i.e., treatment
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effect) is ∆̄rpt
˚q “ µ̄r1pt

˚q ´ µ̄r0pt
˚q.

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 ηr0 ηr1 ηr2 ηr0 ηr1 ηr2
r “ 1 -5 0.8 0.30 -5 2.5 0.50
r “ 2 -5 0.7 0.27 -5 2.3 0.55
r “ 3 -5 0.6 0.25 -5 2.0 0.60

Equation (3.15) Scenario 3 Scenario 4
Region η˚r0 η˚r1 η˚r2 η˚r0 η˚r1 η˚r2
r “ 1 -3 0.6 -0.15 -2.3 3.0 -0.20
r “ 2 -3 0.5 -0.10 -2.3 2.5 -0.15
r “ 3 -3 0.4 -0.05 -2.3 2.0 -0.10

Table C.2: Absolute standardized mean differences of X1 and X2 between the
enrolled patients in each region and the target population in simulation study.
X1 „ Unifp0, 1q andX2 „ Np1, 1q 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
X1 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

X2 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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Figure C.1: Boxplots of estimated average RMST difference (RMSTD) in Region
2 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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Figure C.2: Boxplots of estimated average RMST difference (RMSTD) in Region
3 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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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%

CI: -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% CIs at t˚ “ 360 days from
1) A&A: Asia and Australia, 2) C&SA: Central and South America, 3) U,ME&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 U,ME&A NA RMSTD

Naive 6.6 6.2 5.5 -4.1 0.20 4.7
(-3.1, 16.3) (-6.7, 19) (2.6, 8.4) (-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 4.5 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, 8.2) (-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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Figure C.3: Forest plot of estimated average RMST differences with 95% CIs
at t˚ “ 360 days from 1) A&A: Asia and Australia, 2) C&SA: Central and South
America, 3) EU,ME&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.
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Asia and Australia (n=1714) Central and South America (n=1237)
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Figure 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 II-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 ith patient and jth time interval, the piecewise exponential hazard function

is written as follows:

logpλzi,ijq “ logpλzi,jq ` γzip1´ xiq, for t P rτzi,j´1, τzi,jq, (D.1)

where zi P t0, 1u is the treatment indicator and λzi,j is the baseline hazard in the jth

interval.

For patient i P t1, . . . , nu, we first create some pseudo observations of Ui and δi in

each time interval, where Ui “ minpTi, Ciq and δi “ IrTi ď Cis. Let uij denote the

event free time by the ith patient in the jth interval, rτzi,j´1, τzi,jq. If this patient has
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event or is censored after τzi,j, then uij “ τzi,j´ τzi,j´1. Otherwise, if this patient has

an event or is censored in this interval, uij “ Ui ´ τzi,j´1. In addition, let δij denote

the censoring indicator in the jth time interval, such that δij “ 1 if the ith patients has

event in this interval and δij “ 0 otherwise. Then, the piecewise exponential model

can be fitted to data by treating δij as if they are independent Poisson observations

with means µij “ uijλzi,ij. By replacing λzi,ij “ µij{uij, the Equation (D.1) can be

written as follows:

logpµijq “ logpuijq ` αzi,j ` γzip1´ xiq, (D.2)

where αzi,j “ logpλzi,jq. As such, the initial piecewise exponential model can be

reformulated and adapted using the Poisson log-linear regression, which incorpo-

rates pseudo observations of tδij, uiju and employs logpuijq as an offset. Then the

parameters λ̂z,j and γ̂z 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:

∆̂4pt
˚
q “

řn`

i“1 p̂iZiwiYi
řn`

i“1 p̂iZiwi
´

řn`

i“1 p̂ip1´ ZiqwiYi
řn`

i“1 p̂ip1´ Ziqwi
. (D.3)

The large sample properties of this estimator can be derived by the M-estimator

theory. Let θ “ rθ0, θ1s
T as the collection of parameters to be estimated. Then

∆̂4pt
˚q “ θ̂1 ´ θ̂0 jointly solves the estimation equations as follows:

n`
ÿ

i“1

ΦH
i pθq “

n`
ÿ

i“1

ˆ

p̂iZiwipYi ´ θ1q

p̂ip1´ ZiqwipYi ´ θ0q

˙

“ 0.
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The sandwich variance estimator for θ̂ is:

Σ ˆθ
“

#

n`
ÿ

i“1

BΦH
i pθ̂q

BθT

+´1 #n`
ÿ

i“1

ΦH
i pθ̂qΦ

H
i pθ̂q

T

+#

n`
ÿ

i“1

BΦH
i pθ̂q

BθT

+´1

.

By the M-estimator theory, θ̂ is consistent to θ, and as the sample size n` Ñ 8,

?
n`tθ̂´θu

d
Ñ N

´

0, n`Σ ˆθ

¯

. Then by continuous mapping theorem,
?
n`t∆̂4pt

˚q´

∆t˚u
d
Ñ N p0, σ2

4pt
˚qq, where σ2

4pt
˚q can be estimated by n`r1,´1sΣ ˆθ

r1,´1sT “

n`rVarpθ̂1q ` Varpθ̂0q ´ 2Covpθ̂1, θ̂0qs.

D.2.2 CW Augmented Estimator

The CW augmented estimator is defined as:

∆̂5pt
˚
q “

řn`

i“1 p̂iZiwitYi ´m1pxiqu
řn`

i“1 p̂iZiwi
´

řn`

i“1 p̂ip1´ ZiqwitYi ´m0pxiqu
řn`

i“1 p̂ip1´ Ziqwi

`

řn`

i“1 p̂itm1pxiq ´m0pxiqu
řn`

i“1 p̂i
. (D.4)

Its asymptotic distribution is also derived by the M-estimator theory. Let ν “

rν0, ν1, ν2s
T denote as the collection of parameters to be estimated. Then ∆̂5pt

˚q “

ν̂1 ´ ν̂0 ` ν̂2 jointly solves the following estimation equations:

n`
ÿ

i“1

ΦA
i pνq “

n`
ÿ

i“1

¨

˝

p̂iZiwitYi ´m1pxiq ´ ν1u

p̂ip1´ ZiqwitYi ´m0pxiq ´ ν0u

p̂itm1pxiq ´m0pxiq ´ ν2u

˛

‚“ 0.

The sandwich variance estimator for ν̂ is:

Σν̂ “

#

n`
ÿ

i“1

BΦA
i pν̂q

BνT

+´1 #n`
ÿ

i“1

ΦA
i pν̂qΦ

A
i pν̂q

T

+#

n`
ÿ

i“1

BΦA
i pν̂q

BνT

+´1

.

As the sample size n` Ñ 8,
?
n`t∆̂5pt

˚q ´∆t˚u
d
Ñ N p0, σ2

5pt
˚qq, where σ2

5pt
˚q can

be estimated by n`r1,´1, 1sΣν̂ r1,´1, 1sT .
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Schwarzer, G., Carpenter, J. R., Rücker, G., et al. (2015), Meta-analysis with R, vol.
4784, Springer.

Scott, D. W. (2015), Multivariate density estimation: theory, practice, and visual-
ization, John Wiley & Sons.

Shi, W.-J. and Zhao, W. (2020), “Biomarkers or factors for predicting the efficacy
and adverse effects of immune checkpoint inhibitors in lung cancer: achievements
and prospective,” Chinese Medical Journal, 133, 2466–2475.

Signorovitch, J. E., Wu, E. Q., Yu, A. P., Gerrits, C. M., Kantor, E., Bao, Y., Gupta,
S. R., and Mulani, P. M. (2010), “Comparative effectiveness without head-to-head
trials: a method for matching-adjusted indirect comparisons applied to psoriasis
treatment with adalimumab or etanercept,” Pharmacoeconomics, 28, 935–945.

Simmonds, M. C., Higginsa, J. P., Stewartb, L. A., Tierneyb, J. F., Clarke, M. J.,
and Thompson, S. G. (2005), “Meta-analysis of individual patient data from ran-
domized trials: a review of methods used in practice,” Clinical Trials, 2, 209–217.

Simon, N. and Simon, R. (2013), “Adaptive enrichment designs for clinical trials,”
Biostatistics, 14, 613–625.

Simon, N. and Simon, R. (2018), “Using Bayesian modeling in frequentist adaptive
enrichment designs,” Biostatistics, 19, 27–41.

Simon, R. (2014), “Biomarker based clinical trial design,” Chin Clin Oncol, 3, 8.

Simon, R. and Maitournam, A. (2004), “Evaluating the efficiency of targeted designs
for randomized clinical trials,” Clinical Cancer Research, 10, 6759–6763.

Sinha, B., Hartung, J., and Knapp, G. (2011), Statistical meta-analysis with appli-
cations, John Wiley & Sons.

Smith, C. T., Williamson, P. R., and Marson, A. G. (2005), “Investigating hetero-
geneity in an individual patient data meta-analysis of time to event outcomes,”
Statistics in Medicine, 24, 1307–1319.

Stallard, N. (2023), “Adaptive enrichment designs with a continuous biomarker,”
Biometrics, 79, 9–19.

Stefanski, L. A. and Boos, D. D. (2002), “The calculus of M-estimation,” The Amer-
ican Statistician, 56, 29–38.

Stensrud, M. J. and Hernán, M. A. (2020), “Why test for proportional hazards?”
JAMA, 323, 1401–1402.

170



Stewart, G. B., Altman, D. G., Askie, L. M., Duley, L., Simmonds, M. C., and
Stewart, L. A. (2012), “Statistical analysis of individual participant data meta-
analyses: a comparison of methods and recommendations for practice,” PLoS
One.

Stuart, E. A., Cole, S. R., Bradshaw, C. P., and Leaf, P. J. (2011), “The use of
propensity scores to assess the generalizability of results from randomized trials,”
Journal of the Royal Statistical Society: Series A (Statistics in Society), 174, 369–
386.

Su, M., Fang, L., and Su, Z. (2013), “A likelihood and resampling based approach to
dichotomizing a continuous biomarker in medical research,” Journal of Biophar-
maceutical Statistics, 23, 637–647.

Tang, X. and Trinquart, L. (2022), “Bayesian multivariate network meta-analysis
model for the difference in restricted mean survival times,” Statistics in Medicine,
41, 595–611.

Thall, P. F. (2021), “Adaptive enrichment designs in clinical trials,” Annual Review
of Statistics and its Application, 8, 393–411.

Tian, L., Zhao, L., and Wei, L. (2014), “Predicting the restricted mean event time
with the subject’s baseline covariates in survival analysis,” Biostatistics, 15, 222–
233.

Tian, L., Fu, H., Ruberg, S. J., Uno, H., and Wei, L.-J. (2018), “Efficiency of two
sample tests via the restricted mean survival time for analyzing event time obser-
vations,” Biometrics, 74, 694–702.

Trinquart, L., Jacot, J., Conner, S. C., and Porcher, R. (2016), “Comparison of
treatment effects measured by the hazard ratio and by the ratio of restricted
mean survival times in oncology randomized controlled trials,” Journal of Clinical
Oncology, 34, 1813–1819.

Trinquart, L., Bill-Axelson, A., and Rider, J. R. (2019), “Restricted Mean Survival
Times to Improve Communication of Evidence from Cancer Randomized Trials
and Observational Studies.” European Urology, 76, 137–139.

Tsiatis, A. A. (2006), “Semiparametric theory and missing data,” .

Tsong, Y., Chang, W., Dong, X., and Tsou, H. (2012), “Assessment of regional
treatment effect in a multiregional clinical trial,” Journal of Biopharmaceutical
Statistics, 22, 1019–1036.

Uno, H., Claggett, B., Tian, L., Inoue, E., Gallo, P., Miyata, T., Schrag, D.,
Takeuchi, M., Uyama, Y., Zhao, L., et al. (2014), “Moving beyond the hazard

171



ratio in quantifying the between-group difference in survival analysis,” Journal of
Clinical Oncology, 32, 2380.

Venables, W. N. and Ripley, B. D. (2002), Modern Applied Statistics with S, Springer,
New York, fourth edn., ISBN 0-387-95457-0.

Wallentin, L., Becker, R. C., Budaj, A., Cannon, C. P., Emanuelsson, H., Held, C.,
Horrow, J., Husted, S., James, S., Katus, H., et al. (2009), “Ticagrelor versus
clopidogrel in patients with acute coronary syndromes,” New England Journal of
Medicine, 361, 1045–1057.

Wang, S.-J., James Hung, H., and O’Neill, R. T. (2009), “Adaptive patient enrich-
ment designs in therapeutic trials,” Biometrical Journal: Journal of Mathematical
Methods in Biosciences, 51, 358–374.

Wang, T., Wang, X., George, S., and Zhou, H. (2020), “Design and analysis of
biomarker-integrated clinical trials with adaptive threshold detection and flexible
patient enrichment,” Journal of Biopharmaceutical Statistics, 30, 1060–1076.

Wang, X. and Schaubel, D. E. (2018), “Modeling restricted mean survival time under
general censoring mechanisms,” Lifetime Data Analysis, 24, 176–199.

Wang, X., Zhou, J., Wang, T., and George, S. (2018), “On enrichment strategies for
biomarker stratified clinical trials,” Journal of Biopharmaceutical Statistics, 28,
292–308.

Wang, X., Bai, F., Pang, H., and George, S. (2019a), “Bias-adjusted Kaplan–Meier
survival curves for marginal treatment effect in observational studies,” Journal of
Biopharmaceutical Statistics, 29, 592–605.

Wang, X., Cai, J., and George, S. (2019b), “Enriched Biomarker-Driven Trials,”
Wiley StatsRef: Statistics Reference.

Wason, J. M. (2023), “Discussion on “Adaptive enrichment designs with a continuous
biomarker” by Nigel Stallard,” Biometrics, 79, 23–25.

Wei, Y. and Higgins, J. P. (2013), “Bayesian multivariate meta-analysis with multiple
outcomes,” Statistics in Medicine, 32, 2911–2934.

Wei, Y., Royston, P., Tierney, J., and Parmar, M. (2015), “Meta-analysis of time-
to-event outcomes from randomized trials using restricted mean survival time:
application to individual participant data,” Statistics in Medicine, 34, 2881–2898.

Weir, I., Tian, L., and Trinquart, L. (2021), “Multivariate meta-analysis model for
the difference in restricted mean survival times,” Biostatistics, 22, 82–96.

172



Weir, I. R. and Trinquart, L. (2018), “Design of non-inferiority randomized trials
using the difference in restricted mean survival times,” Clinical Trials, 15, 499–
508.

Westreich, D., Edwards, J. K., Lesko, C. R., Stuart, E., and Cole, S. R. (2017),
“Transportability of trial results using inverse odds of sampling weights,” American
Journal of Epidemiology, 186, 1010–1014.

White, I. R. (2015), “Network meta-analysis,” The Stata Journal, 15, 951–985.

White, I. R., Barrett, J. K., Jackson, D., and Higgins, J. P. (2012), “Consistency
and inconsistency in network meta-analysis: model estimation using multivariate
meta-regression,” Research Synthesis Methods, 3, 111–125.

White, I. R., Turner, R. M., Karahalios, A., and Salanti, G. (2019), “A comparison
of arm-based and contrast-based models for network meta-analysis,” Statistics in
Medicine, 38, 5197–5213.

Xie, J. and Liu, C. (2005), “Adjusted Kaplan–Meier estimator and log-rank test
with inverse probability of treatment weighting for survival data,” Statistics in
Medicine, 24, 3089–3110.

Xue, Y. and Schifano, E. D. (2017), “Diagnostics for the Cox model,” Communica-
tions for Statistical Applications and Methods, 24, 583–604.

Zhang, W., Qian, L., and Li, Y. (2014), “Semiparametric sequential testing for multi-
ple change points in piecewise constant hazard functions with long-term survivors,”
Communications in Statistics-Simulation and Computation, 43, 1685–1699.

Zhang, Z., Li, M., Lin, M., Soon, G., Greene, T., and Shen, C. (2017), “Subgroup
selection in adaptive signature designs of confirmatory clinical trials,” Journal of
the Royal Statistical Society Series C: Applied Statistics, 66, 345–361.

Zhao, L., Claggett, B., Tian, L., Uno, H., Pfeffer, M. A., Solomon, S. D., Trippa,
L., and Wei, L. (2016), “On the restricted mean survival time curve in survival
analysis,” Biometrics, 72, 215–221.

Zhao, Q. and Percival, D. (2016), “Entropy balancing is doubly robust,” Journal of
Causal Inference, 5, 20160010.

Zhao, Y.-Q. and LeBlanc, M. L. (2020), “Designing precision medicine trials to yield
a greater population impact,” Biometrics, 76, 643–653.

Zhong, Y. and Schaubel, D. E. (2022), “Restricted mean survival time as a function
of restriction time,” Biometrics, 78, 192–201.

173



Biography

Kaiyuan Hua received a PhD degree of Biostatistics in the Department of Biostatis-

tics and Bioinformatics at Duke University School of Medicine, under supervision

of Dr. Xiaofei Wang and Dr. Hwanhee Hong. He received a bachelor’s degree of

science in mathematics at Fudan University, Shanghai, China, and a master’s der-

gree of Biostatistics at Duke University School of Medicine. His research interests

include survival analysis, clinical trials, and meta-analysis. He will work at FDA as

a mathematical statistician.

174


	Abstract
	List of Tables
	List of Figures
	List of Abbreviations
	Acknowledgements
	1 Introduction, Motivation and Background
	1.1 Background
	1.1.1 PH Assumption Violation in Clinical Trials
	1.1.2 Assessment of PH Assumption

	1.2 Restricted Mean Survival Time
	1.2.1 RMST Definitions
	1.2.2 RMST Estimators
	1.2.3 RMST Regression

	1.3 Objectives
	1.3.1 Individual Participant Data Network Meta-Analysis
	1.3.2 Inference in Multi-Regional Clinical Trials
	1.3.3 Biomarker-Guided Adaptive and Enrichment Design


	2 Topic 1
	2.1 Introduction
	2.1.1 Individual Participant Data Network Meta-Analysis
	2.1.2 Approaches in IPD-NMA
	2.1.3 IPD-NMA with time-to-event outcome
	2.1.4 Chapter Outlines

	2.2 Methods
	2.2.1 Two-Stage RMST IPD-NMA Model
	2.2.2 One-Stage RMST IPD-NMA Model
	2.2.3 Existing RMST IPD-NMA Methods

	2.3 Simulation Study
	2.3.1 Aims and Performance Measures
	2.3.2 Data-Generating Mechanisms
	2.3.3 Simulation Scenarios
	2.3.4 Methods and Estimands
	2.3.5 Results

	2.4 Data Analysis
	2.4.1 COMBINE-AF Data
	2.4.2 Results

	2.5 Discussion

	3 Topic 2
	3.1 Introduction
	3.1.1 Multi-Regional Clinical Trials
	3.1.2 Essential and Inessential Traits in MRCT
	3.1.3 Motivation Example: PLATO Trial
	3.1.4 Generalization and Transportation Approaches in MRCT
	3.1.5 Study Objectives
	3.1.6 Chapter Outlines

	3.2 Basic Setup
	3.2.1 Notations and MRCT Data Structure
	3.2.2 Estimands and Assumptions

	3.3 Weighting Methods in MRCT
	3.3.1 The Inverse Probability of Sampling Weights
	3.3.2 The Calibration Weights

	3.4 Weighted Estimators for Region-Specific RMST Difference
	3.4.1 Weighted Kaplan-Meier RMST Difference
	3.4.2 Weighted G-Formula RMST Difference
	3.4.3 Weighted Hajek RMST Difference
	3.4.4 Weighted Augmented RMST Difference
	3.4.5 Regional Consistency Test

	3.5 Simulation Study
	3.5.1 Aims and Performance Measures
	3.5.2 Data-Generating Mechanism
	3.5.3 Estimands
	3.5.4 Methods
	3.5.5 Results

	3.6 Data Analysis
	3.6.1 Variable Selection
	3.6.2 Methods
	3.6.3 Results

	3.7 Discussion

	4 Topic 3
	4.1 Introduction
	4.1.1 Biomarker-Guided Designs with Adaptive Enrichment
	4.1.2 Study Motivations
	4.1.3 Chapter Outlines

	4.2 Design
	4.2.1 Notations and Assumptions
	4.2.2 Optimal Biomarker Threshold
	4.2.3 Two-Stage Adaptive Enrichment Design

	4.3 Biomarker Cutpoint Estimation
	4.3.1 Prediction Method
	4.3.2 RMST Regression Method

	4.4 Treatment Effect Estimators
	4.4.1 Naive Unadjusted Estimator
	4.4.2 Calibration Weighted Estimators

	4.5 Type I Error Rate, Power, and Sample Size
	4.5.1 Type I Error Rate and Critical Values
	4.5.2 Global Power
	4.5.3 Sample Size Calculation

	4.6 A Numerical Example
	4.7 Simulation Studies
	4.7.1 Aims
	4.7.2 Data-Generating Mechanisms
	4.7.3 Methods and Performance Measures
	4.7.4 Results

	4.8 Discussion

	5 Conclusion
	A Appendix for Chapter 1
	A.1 Large Sample Properties of  in IPCW RMST Regression
	A.2 Pseudo-Value RMST Regression

	B Appendix for Chapter 2
	B.1 PQL Estimation for the One-Stage RMST IPD-NMA Model
	B.2 Simulation Settings
	B.3 Additional Simulation Study Results
	B.4 Additional Data Analysis Results

	C Appendix for Chapter 3
	C.1 Derivation of Calibration Weights
	C.2 Proofs of Theorem 1
	C.2.1 Notations
	C.2.2 Lemma 1
	C.2.3 Large Sample Properties of CW-Adjusted Survival Function
	C.2.4 Proof of Theorem 1
	C.2.5 Theorem 1 for IPSW

	C.3 Proofs of Theorem 2
	C.3.1 Consistency of CW-adjusted G-formula estimator
	C.3.2 Consistency of IPSW-adjusted G-formula estimator

	C.4 Proofs of Theorems 3 and 4
	C.4.1 Theorem 3
	C.4.2 Theorem 4

	C.5 Weighted Standardized Mean Difference
	C.6 Additional Simulation Set-Ups and Results
	C.7 Four-Region Analysis Results from PLATO Trial

	D Appendix for Chapter 4
	D.1 Model Fitting in Prediction Method
	D.2 Calibration Weighted Hajek and Augmented Estimators
	D.2.1 CW Hajek Estimator
	D.2.2 CW Augmented Estimator


	Bibliography
	Biography



