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On Causal Inference in Real World Settings

ABSTRACT

In the present dissertation, we consider three classical and yet modern topics in causal inference
— surrogate markers, multi-source federated learning, and sensitivity analysis. In each case, present-
day obstacles in real world settings make estimation and inference of causal estimands a challenging
endeavor.

In Chapter 1, we tackle the problem of how to identify and validate surrogate markers using real-
world data (RWD). There is a need to develop statistical methods to evaluate the proportion of treat-
ment effect (PTE) explained by surrogates in RWD, which have become increasingly common. To
address this knowledge gap, we propose inverse probability weighted (IPW) and doubly robust (DR)
estimators of an optimal transformation of the surrogate and the corresponding PTE measure. We
demonstrate that the proposed estimators are consistent and asymptotically normal, and the DR esti-
mator is consistent when either the propensity score model or outcome regression model is correctly
specified. In two RWD settings, we show that our method can identify and validate surrogate markers
for inflammatory bowel disease (IBD).

Chapter 2 is focused on federated learning of causal effects in multi-source settings. We develop a
Federated Adaptive Causal Estimation (FACE) framework to incorporate heterogeneous data from
multiple sites to provide treatment effect estimation and inference for a flexibly specified target popu-
lation of interest. To safely incorporate source sites and avoid negative transfer, we introduce an adap-
tive weighting procedure via a penalized regression, which achieves both consistency and optimal effi-

ciency. Our strategy is communication-efficient and privacy-preserving, allowing participating sites to
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only share summary statistics once with other sites. We conduct both theoretical and numerical evalu-
ations of FACE, and apply it to conduct a comparative effectiveness study of BNT162b2 (Pfizer) and
mRNA-1273 (Moderna) vaccines on COVID-19 outcomes in U.S. veterans using electronic health
records from five VA regional sites.

In Chapter 3, we develop a novel framework to conduct sensitivity analysis at the design stage of
complex clinical trials. Sensitivity analyses are useful to assess the dependence of important design op-
erating characteristics with respect to various unknown parameters. Two crucial components of sen-
sitivity analyses are (i) the choice of a set of plausible simulation scenarios and (ii) the list of operating
characteristics of interest. We propose a robust approach to choose the set of scenarios for inclusion
in design sensitivity analyses. We maximize a utility criterion that formalizes whether a specific set
of sensitivity scenarios is adequate to summarize how the operating characteristics of the trial design
vary across all plausible values of the unknown parameters. Then, we use optimization techniques
to select the best set of simulation scenarios (according to the criteria specified by the investigator)
to exemplify the operating characteristics of the trial design. We illustrate our proposal in three trial

designs of increasing complexity.
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Introduction

In the United States, the passage of the 21” Century Cures Act in 2016 mandated the use of data gen-
erated from the routine operation of healthcare to inform decisions made by regulators, providers,
and patients"*. Evidence generated from such real world data (RWD), termed real world evidence
(RWE), has gained tremendous attention from the biomedical community '°*¢*. To date, RWE has
been used to support decision-making related to the primary approval of new medications through

the formation of external controls; support supplemental indications and pediatric approvals; support



adaptive or accelerated approvals; and assess drug safety >75'°7. As evidence of the US Food and Drug
Administration’s (FDA) commitment to using RWE, the Sentinel Initiative was launched in 2008
as a national system of insurance claims databases used to assess the safety and performance of med-
ical products. Despite the growing use of postmarket RWD to evaluate medical product safety, the
use of RWD from electronic health records (EHRSs), pragmatic randomized controlled trials (RCTs),
and other healthcare database analyses to support effectiveness and approval decisions is still nascent.
Indeed, while the FDA, European Medicines Agency, and other regulatory agencies have a strong fa-
miliarity and comfort in designing, implementing, and translating results from RCTs into policies
and guidelines, this trust is understandably attenuated with RWD studies**#>*°5. The present dis-
sertation aims to narrow this trust gap by providing a suite of novel statistical methods and easily
implementable tools, to accurately, robustly, and efficiently assess treatment effects using RWD, and
more transparently communicate strategies for using RWD stemming from EHRs and RCTs. The
methods proposed in this research are broadly applicable in different disease domains and expand the
current capabilities and use scenarios of RWD.

In Chapter 1, we explore the question of how to identify and validate valid surrogate markers us-
ing real-world data (RWD). In comparative effectiveness research (CER), leveraging short-term surro-
gates to infer treatment effects on long-term outcomes can guide policymakers evaluating new treat-
ments. Numerous statistical procedures for identifying surrogates have been proposed for RCTs, but
no methods currently exist to evaluate the proportion of treatment effect (PTE) explained by surro-
gates in RWD, which have become increasingly common. To address this knowledge gap, we propose
inverse probability weighted (IPW) and doubly robust (DR estimators of an optimal transformation
of the surrogate and the corresponding PTE measure. We demonstrate that the proposed estima-
tors are consistent and asymptotically normal, and the DR estimator is consistent when either the
propensity score model or outcome regression model is correctly specified. Our proposed estimators

are evaluated through extensive simulation studies. In two RWD settings, we show that our method



can identify and validate surrogate markers for inflammatory bowel disease (IBD).

Chapter 2 is dedicated to federated learning of causal effects. Federated learning of causal esti-
mands may greatly improve estimation efficiency by leveraging data from multiple study sites, but
robustness to heterogeneity and model mis-specifications is vital for ensuring validity. We develop a
Federated Adaptive Causal Estimation (FACE) framework to incorporate heterogeneous data from
multiple sites to provide treatment effect estimation and inference for a flexibly specified target popu-
lation of interest. FACE accounts for site-level heterogeneity in the distribution of covariates through
density ratio weighting. To safely incorporate source sites and avoid negative transfer, we introduce
an adaptive weighting procedure via a penalized regression, which achieves both consistency and opti-
mal efficiency. Our strategy is communication-efficient and privacy-preserving, allowing participating
sites to only share summary statistics once with other sites. We conduct both theoretical and numer-
ical evaluations of FACE, and apply it to conduct a comparative effectiveness study of BNT162b2
(Pfizer) and mRNA-1273 (Moderna) vaccines on COVID-19 outcomes in U.S. veterans using EHRs
from five VA regional sites. We show that compared to traditional methods, FACE meaningfully in-
creases the precision of treatment effect estimates, with reductions in standard errors ranging from
26% to 67%.

In Chapter 3, we focus on how to conduct rigorous sensitivity analysis at the design stage of com-
plex clinical trials. The use of simulation-based sensitivity analyses is fundamental to evaluating and
comparing candidate designs for future clinical trials. In this context, sensitivity analyses are espe-
cially useful to assess the dependence of important design operating characteristics with respect to
various unknown parameters. Typical examples of operating characteristics include the likelihood of
detecting treatment effects and the average study duration, which depend on parameters that are un-
known until after the onset of the clinical study, such as the distributions of the primary outcomes
and patient profiles. Two crucial components of sensitivity analyses are (i) the choice of a set of plau-

sible simulation scenarios and (ii) the list of operating characteristics of interest. We propose a new



approach to choosing the set of scenarios for inclusion in design sensitivity analyses. We maximize a
utility criterion that formalizes whether a specific set of sensitivity scenarios is adequate to summarize
how the operating characteristics of the trial design vary across all plausible values of the unknown
parameters. Then, we use optimization techniques to select the best set of simulation scenarios to ex-
emplify the operating characteristics of the trial design. We illustrate our proposal in three trial designs

of increasing complexity.



Identifying Surrogate Markers in

Comparative Effectiveness Research

1.1 INTRODUCTION

We are motivated by the need to develop statistical methods for evaluating surrogate markers in com-

parative effectiveness research (CER). A surrogate marker is an outcome measure that can be used



as a substitute for a primary outcome, such that changes caused by a therapy on a surrogate marker
are expected to reflect changes in the primary outcome*°. The use of valid surrogate markers to infer
treatment effects on long term outcomes has the potential to reduce cost and expedite the approval
of new therapies*>'>%'¢24. We aim to use real world data (RWD), such as electronic health records
(EHRSs), clinical registries, and cross-trial data, to identify and validate surrogates when comparing
treatments.

In particular, we assess biologic therapies for inflammatory bowel disease (IBD) '3, where poten-
tial surrogate markers such as the likelihood of nonresponse score or the non-invasive partial Mayo
score can be measured earlier and more cheaply than the primary outcome of clinical response*7°.
While multiple treatments for IBD have shown efficacy in placebo-controlled trials **5, there is inter-
est in identifying and validating surrogate markers of the treatment effect between biologic therapies.
However, there have been few head-to-head comparisons of biologic therapies, and surrogate mark-
ers have not been validated for studying the treatment effect on different outcomes of interest. One
of the first such head-to-head trials, a phase 3b trial of vedolizumab vs. adalimumab, showed that
vedolizumab was superior with respect to achieving clinical remission '**. However, randomized clin-
ical trials (R CTs) of this type are typically prohibitively costly due to the large sample size that is needed
to detect presumably small treatment effects **. The lack of direct comparisons for difterent therapies
has resulted in the choice of treatment being influenced by factors often unrelated to treatment per-
formance®. More generally, novel treatments frequently show great promise in placebo-controlled
trials but head-to-head comparisons in RCTs are often missing. Pharmaceutical companies have his-
torically avoided head-to-head trials for fear of losing market share from unfavorable results and have
instead favored placebo-controlled trials for a greater chance of declaring superiority *+.

In addition to requiring long-term follow-up of patients to observe a sufficient number of events
to detect treatment effects, RCTs are also often limited to narrowly defined patient populations with

results that are not always generalizable to broader populations of interest. These shortcomings are es-



pecially pronounced in urgent health crises when potential treatments must be assessed rapidly. Cou-

pled with the explosive growth in observational healthcare data®>+%*s,

there is growing interest in
using RWD generated from observational studies to evaluate surrogate markers*3.
In settings where it is costly or infeasible to observe outcomes directly, machine-learning model

predictions can be used as surrogates®®. For example, International Classification of Diseases (ICD)

codes in EHR data have been used as surrogate outcomes to predict postoperative hospital mortal-

ie 129

ity . However, directly using these surrogate outcomes may be problematic due to bias or differ-
ences in variability compared to the true outcomes, and subsequent analyses based on these surrogate
outcomes can result in poor post-prediction inference '**. It is important to determine the strength of
the surrogate outcome for the true outcome, both to inform decisions about whether to use these sur-

rogates in future studies and because many statistical methods require the surrogate to be strong **?".

90

Since Prentice (1989)°° originally proposed a definition and operational criteria for identifying
valid surrogate markers, many statistical methods have been developed to make inference about the
proportion of treatment effect (P°TE) explained by a surrogate in RCT settings 3731208595124 Freed-
man (1992)%? proposed a parametric model-based estimate assuming two outcome regression mod-
els (including and excluding the surrogate), which rarely hold simultaneously”>. Wang (2002) >
proposed alternative measures of PTE that examined what the treatment effect would have been if
the surrogate had the same distribution across treatment groups. Parast (2016)* proposed a fully
nonparametric estimation procedure for the PTE defined in Wang (2002) ***. More recently, Wang
(2020) '** proposed an alternative non-parametric PTE estimator by identifying a single optimal trans-
formation of the surrogate to predict the outcome with weaker assumptions than those required by
Parast (2016)%*. However, all of these existing PTE estimators are derived for data from RCTs and are
therefore not directly applicable to RWD where treatment assignment 4 may depend on confound-

ing factors X. Price (2018)°" proposed finding optimal functions of a surrogate separately for each

treatment group under the constraint that the Prentice criterion is satisfied”°. However, their opti-



mal surrogate is guaranteed to attain perfect surrogacy even when the original surrogate is not a valid
surrogate, and their focus is not on evaluating surrogacy '**.

In this paper, we aim to address the gap in identifying and validating surrogate markers using RWD
by proposing novel inverse probability weighted (IPW) and doubly robust (DR) estimators for an
optimal transformation function and corresponding PTE estimators. We propose flexible semi-non-
parametric models for the relationship between outcome Y and surrogate S given baseline covariates
X and a propensity score (PS) model for 4 given X. We also propose perturbation resampling meth-
ods for variance and confidence interval estimation. We establish the asymptotic properties of the
proposed estimators, including double robustness of the proposed estimator in that it is consistent
when either the PS model or the outcome regression (OR) model is correctly specified. Our simula-
tion studies demonstrate that the proposed estimators and inference procedures perform well in finite
samples. We illustrate the utility of our method to identify and validate surrogate markers for IBD in

two different types of RWD analyses.

1.2 METHODS

1.2.1 SETTING, NOTATION, AND IDENTIFICATION

Let Ybe the primary outcome and S'be the surrogate marker, both of which may be discrete or contin-
uous. Throughout, the notation takes S to be continuous, but all derivations and theoretical results
remain valid if S is discrete by replacing density functions with probability mass functions. We de-
note { %), 5(9)} as the respective potential primary outcome and surrogate marker under treatment
A = a, where A = 1and 4 = 0 denote the treatment and the control group, respectively. With
RWD, only ¥; = AZ-YZ(-I) + (1 -4, YZ(»O) and S; = AZ'SEI) + (1 - Al')Sl(.O) can be observed for an

individual 7, and the treatment assignment 4; may depend on baseline confounding factors X;. For



identifiability, we require the standard causal assumptions '°*%

m,(x)=PA=a|X=x)€(0,1) (1.1)

(Y<1), Y(O),S(l),S(O)> 14X (1.2)

Assumption (1.1) states that within all covariate levels, patients may receive either treatment so that
the PS is bounded away from 0 and 1. Assumption (r1.2) implies that X includes all confounders
that can affect the primary outcome and treatment simultaneously, or the surrogate and treatment
simultaneously. In other words, we assume that observed covariates X contain all confounders of the
effects of treatment 4 on surrogate S and primary outcome Y, such that treatment 4 is as good as
randomized within levels of covariates X. This “no unmeasured confounding” assumption has been
made previously, for example, by Agniel (2020)*. We assume that the RWD for analysis consist of 7

independent and identically distributed random variables {D; = (Y;,S,,4;,X])",i =1, ..., n}.

1.2.2 TARGET PARAMETER AND LEVERAGING SURROGATES

The average treatment effect (ATE) on Yis defined as
A= — g wherer, = E(F9) = /E(Yy A = 4, X)dF(X),

and F(x) = P(X < x). Note that to obtain the mean potential outcome ¢ , we must integrate the
conditional outcome model over the density of the covariates X. Withoutloss of generality, we assume
that the ATE is non-negative, i.e., A > 0. To approximate A based on the treatment effect on S, we
define a transformation function g (-) such that the treatment effect on the transformed surrogate,

Agore = Elgop:(S 1) — Zopt(S' ()], can be used to predict the treatment effect on the primary outcome,



A=E [Y(l) — Y(O)]. Rather than using S directly, the optimal transformation of the surrogate g (S5)
aims to recover the difference in the primary outcomes between patients in the two treatment groups.

More formally, the optimality of g, is with respect to minimizing the mean squared error

['(gopt) =E [(Ym - Ym)) - {gopt (S(l)> — Zopt (S(O)> }]2 (1.3)

Alternative loss functions can and have been considered. For example, Price (2018)°" proposed an
alternative approach that identifies treatment-specific transformations of the surrogate. Following

Wang (2020) '**, in Appendix 1, we show that under a working independence assumption that
(Y, 50y 1 (10,500, (1.4)

Zope takes the form

Lope(5) = m(s) + APo(s),

where

m(s) = mi(s)Pi(s) + mo()Pols),  ma(s) = E(Y | S =),

=fa()(h(s) +AW) T fals) = dFa(s)/ds,
l:Jﬁ{fﬂo(S)—7%1(5)}7’1(5)011’:0(4“) o — | mls)dFo(s)

fPo(S)dFo(J) - f730 dF()( )

and F,(5) = P(S@ < s).

Note that the optimal transformation g, is invariant to treatment 4 and covariates X, whose role
is made clear in the estimation of the conditional mean functions .z, (s) and densities f; (s) in Section
3. The optimal transformation g, can be interpreted as the conditional mean function, 7(s) that
is shifted by a scaled posterior probability function of 4 = 0 | S, where 1 determines the degree

of the shift. For example, when there is no treatment effect on the conditional expectation of ¥ | S
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such that mo(s) = my(s), then 2 = 0 and g, reduces to m(s). Practically, the shape of g, can

provide useful information about the effect of S on Y. In particular, existing methods®****¢

require
that the relationship between Y and § be monotone, which can often be violated. Our proposed
estimation strategy evaluates the PTE explained for g, (S) rather than S, highlighting the robustness
of our method.

Remark 1. Since only one of (Y, SO)) and (Y0, 80 can be observed for an individual and the
correlation structure is not identifiable, we minimize the MSE-type loss (1.3) under the working inde-
pendence assumption (1.4). A similar assumption was considered by Robins and Richardson (2010)”,
who showed that it would hold under a minimal sufficient causal model in the sufficient causal frame-
work. Although restrictive and unlikely to hold in practice, it is used to belp derive g.., and is not needed
to interpret the proposed PTE measure or for valid inference. In our simulation studies, we show that g,y
and PTE estimates are robust against violations of (1.4).

By employing the transformation g, such that the treatment effect on Yis optimally approximated
by the treatment effect on g,,.(.S), we can naturally quantify the PTE as the ratio of treatment effect
on gop(S) vs 1 ie.,

PTE,,. = A /A

Given the form of the PTE, as in Wang (2020) **4, it holds that PTE,,

opt

€ [0, 1] provided that

(A1) Si(#) > So(u) forallu,

(A2) My(#) > Mo(«) forall #in the common support ofg,,pt(S(l)) andg,,pt(S(O)),

where S, (#) = P{goP[(S(“)) > u} and M, () = E(Y®@ |g0p[(S(“)) = u), fora = 0,1 (Appendix
2). Assumptions (A1) and (A2) are weaker than those required in previous literature, which has re-

quired monotonicity, 7, (s) > mq(s) for all s and the same surrogate support for SI) and () ¥ to

II



ensure that the PTE is between o and 1.

Remark 2. In Appendix 2, we show that A > A > 0, so that A = 0 implies that A =0

' Jopt ' Jopt

as well. Thus, our proposed PTE measure avoids the surrogate paradox, since it is never the case that the

treatment effect on the surrogate is positive (A,

(o]

o > 0) but the treatment effect on the primary outcome is
negative (A < 0), regardless of the correlation between the surrogate and primary outcome'*°. It is worth
noting that Price (2018)°" avoid the surrogate paradox without making these assumptions by defining
an optimal transformation of the surrogate under the Prentice definition constraint’’. However, Agniel
(2020)" recently demonstrated that the resolution of Price (2018)°" can be too strong, i.e., the surrogate
paradox is resolved for all surrogates, even those that are completely unrelated to the outcome, and the

power to detect treatment effects can actually increase as the surrogate weakens.

1.3 ESTIMATION PROCEDURES

Given the above framework, our goal in this section is to construct inverse probability weighted (IPW)

and doubly robust (DR ) estimators for g,,. and PTE,,

opt

using RWD. Estimation of g, (s) and PTE,,,
using RWD is more challenging than using RCT data because we cannot directly estimate 7(s), 4,
and P, (s) due to confounding. We propose an IPW estimator and a DR estimator for g, and PTE,, ,
accounting for the effects of X on 4, Y'and S. We first present the simpler IPW estimator and then the
DR estimator. For both estimators, we fit a parametric model for the PS model 71(X), denoted by
71(X; 2), where « is a finite dimensional parameter that can be estimated as the standard maximum
likelihood estimator, z. A simple example is a logistic regression model 71(X;2) = G{2"®(X)},

where G(x) = ¢/(1 + ¢°) and (X)) is a vector of basis functions of X to account for potential

non-linear effects.
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1.3.1  IPW EsTiMaTION

To constructan IPW estimator for g, we first obtain IPW kernel smoothed estimators for 72, (s) and

f2(s) respectively as

~ > i1 K (Si — 5) Yitvas 7 > i1 Ki(Si — 5)ar
() = 2 4 T = ,
i=1 b( )@az Zz 150411
where @,; = [(4; = a)/m,(X;,2), Ky(-) = h71K(-/b), K(-) is a symmetric density function and
bandwidth » = O(»n™”) with » € (1/4,1/2). Throughout, when S is discrete, kernel estimators

K,(S; — 5) can be replaced with the indicator I(S; = ). Then m(-), P,(-) and 1 may be estimated as

7/}71(5) _ Z ;}\’lﬂ(.f)ﬁﬂ(s), 7/54( ) ﬁl('f) i _ f(;}\’Lo(j) - %1(5))731(5)]%(5)‘15

respectively. Subsequently, we construct plug-in estimators for gop.(s), Agqye

A and PTEgo .

Kgopt = 12‘\17gopt - ﬁo,go,;t’
Z = 1221 - ﬁoa
and .
Iﬁgopt A%Pt )

We show in Appendix 3 of the Supplementary Materials that when 71 (x; 2) is correctly specified,
PTE . is consistent for PTE,, .. We also show that /% (lﬁgopt —PTE,,,, ) converges in distribution

to a normal distribution with mean 0 and variance o2, where the form of o is derived in Appendix 3.
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1.3.2 DouBLy RoBUST EsTIMATION

When the PS model is misspecified, the IPW estimator is likely to be biased. To achieve improved

robustness and efficiency gains, we propose DR estimators for g, and PTE,, .

Following Robins
(1994)°%, for any counterfactual random variable U@, a DR estimator for its mean E(U(9) can be
constructed as 2 ' Y {@,U; — (@0 — 1)@, (X)) } , where @, (X;) is an estimator for E( Ul(.ﬂ) |
X;) derived under a specified model. This estimator is DR in the sense that it is consistent for E(U))
when either the PS model for 7z,(X) or the outcome regression (OR) model for E(Ul@ | X;) is

correctly specified. Deriving a DR estimator for PTE,,, is more challenging since go.:(S) involves

opt
conditional mean functions of Y1) | §(4) and density functions of S for 2 = 0,1.
To construct a DR estimator for g, () = m(s) + APy (s), we propose the following DR estimators

for m,(s) and £, (s) respectively,

~ M\a pr($)
mﬂ,DR(J) = =", (I- 3)
Fronl) 5
Moon(e) = n S {KulSi =) Yioas = (@i = VP, (5 X0V, (X0 | (1.5b)
=1
Foone) = n S {K(Ss = 5Voas — (Bas = DY, (5X0) | (1.50)

1

z

where ;Akﬂ (x)and /;}ﬂ .(53 x) are the respective estimators for

5x)=E Y(.ﬂ) S(.ﬂ)::,X,':x =EY;|4;=a,5 =s5,X;, =x)and
%,m i i

OP(S') < 5| X; = x)
%J(J; x) = 5 .

In Appendix 4 of the Supplementary Materials, we show that 72, pr(s) and_/f\;,DR(J) are consistent for

ma(s) and f; (s) if either sup, |7, (x) — 7,(x)| — 0in probability or sup, { \%,m (5x)—¢, (sx)|[+
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Wﬂ’f(s; x) — ¢, (5;x)|} — 0in probability. In other words, double robustness of the optimal trans-
formation g, can be achieved by either correctly specifying the PS model or correctly specifying the
conditional outcome model and the conditional surrogate model.

Since the true form of the models S | 4, X and Y| 4, S, X are not known in RWD settings, simple
parametric models are likely to produce biased estimates, with the degree of bias depending on the
extent to which the models are misspecified. Alternatively, nonparametric estimators can be used.
However, due to the curse of dimensionality, the convergence rates may be slow with less smooth-
ness and more covariates. Therefore, to balance model flexibility and model interpretability, and to
minimize assumptions on the dependency structure between S and Y, we construct flexible estima-
tors %m(s; x) and ;Akﬂ’f(s; x) through semi-non-parametric models for ¥@) | §(9) X and 5@ | X.
We are able to handle multiple confounders by implementing a two-step estimator that first reduces
potentially high-dimensional X into XT;A/ﬂ, where 7 are the estimated covariate effects, through a gen-
eralized regression model (GRM) and then estimates the conditional density of S | X% using the

method of Hall (2004) **. Specifically, we fita GRM for S; | 4; = 4, X;:
Si =D, ®©Hs(X]y, ) with Ple,; <e|X;) = Fule), (1.6)

where the composite function D, ® H,, assumes that D,(-) is an increasing function and H,, (-, -)
is a strictly increasing function of each of its arguments, and the unknown covariate effects y, =
(Vg0 -oes ;/ﬂp)T are constrained to the unit sphere Q : {y : ||y||2 = 1} for identifiability*5. With the
given  under GRM and the no-unmeasured-confounders assumption, yﬂ’f(s; x) can be estimated
non-parametrically via kernel smoothing. To estimate y,, we propose an adapted maximum rank
correlation (MRC) estimator Y, = argmax . {Zl ryy—( X7y > XS > S})} , which

Sherman (1993)'*” showed to be consistent and asymptotically normal for y,. Subsequently, we es-
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timate ¢, (5, X) as

o i Kp X — 7x)K (S — )
3ka7f('r7 X) - n o~ ~T .
Yo Ky X — 7 x)

To estimate ¢/, (5;x), we fita varying-coefficient generalized linear model (VGLM):
E(Y; | 4; = a,8; = 5,X;) = M{B,(S)" X}, (1.8)

where M(-) is a known smooth link function, X = (1,x") for any vector x and 2 _(s) is an unknown
p -+ 1dimensional unspecified smooth coefficient functions*”. We may estimate 8_(s) as Bﬂ (5), the so-
lution to the estimating equation U, (B;s) =n 130 I(A; = a)Ky(S; —9)X; { Y, — M(£X,) } =

0. Then we estimate ¥, _(s;x) as

o~

U, o (5,x) = M{B, ()5} (1.9)

~

These estimators (1.7) and (1.9) can then be plugged into (1.5b) and (1.5¢) to construct £, pr(s)
and 72, pr(s) asin (1.5a).
Based on 72, pr(s) and}\‘;,DR (s), we obtain a DR estimator for g, (s) as: gor(s) = 72pr(s) —l—ZDRﬁ)’DR (5),

Where V%DR(J) == ZLZO %a,DR(S)ﬁa,DR(J)J

5 J{70.0r(6)—1,0r() } ProR(5)fo,0R ()ds 5 _ fuDR0) _
Apr = TP on Gl o () ,and P, pr(s) = T om0’ fora = 0,1. We can now

construct a DR plug-in estimator for A, as Agpg = Figor ~ Hogor’ where

Fugon =17 D { g (5080 = (B = V(X0 }
=1

and 2

4.,gopt

(x) = fgopt(s)?kﬂ’f(s, x)ds is an estimator for £, (x) = E{gopt(Sfﬂ)) | X; = x} derived
under the GRM. The plug-in estimator for A, is DR in the sense that it is consistent when either

the PS model or conditional surrogate model is correctly specified.
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Similarly, we obtain Apg = , . — ¥, o tO estimate A, where
n
~ —1 ~ ~ P
Hior =7 E : {Yi“)ﬂi — (@ — 1) a(Xz')} )
=1

where Z,(x) = S /;}a’m(s; x)/;}mf(x; x)ds is an estimator for £, (x) = E( Yfa) | X; = x). The plug-in
estimator for A is DR in the sense that it is consistent when either the PS model or the conditional
outcome model is correctly specified.

Finally, we estimate PTE,, , as P/T\E@DR = Z@,DR / Aok Following similar arguments as given in Ap-

pendix 4, it is not difficult to show that /A\E,DR’ ZDR and P/ﬁzDR are DR estimators for A A, and

Jopt?

PTE

copt> Tespectively. The steps needed to construct the DR estimator are summarized in Algorithm

ALGORITHM 1: ESTIMATION PROCEDURE FOR CONSTRUCTING DR ESTIMATORS.

1. Estimate the conditional density, S | 4, X, by fitting a GRM as in (1.6), obtain the MRC

estimator, and calculate ¢ (s; x) via kernel smoothing as in (1.7).

2. Estimate the conditional mean, E(Y | 4, S, X), by fittinga VCGLM as in (1.8) and solve the

corresponding estimating equation for ¥, (s, x) asin (1.9).

3. Calculate the plug-in estimates gpg(s), A@DR, Apg, and P/T\Eg,oR-

1.4 PERTURBATION RESAMPLING

In practice, we can estimate o> empirically by estimating the influence functions or via perturba-

tion resampling similar to those employed in Wang (2020) '**. Given the complexity of the doubly
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robust estimator, we propose to estimate the variability and construct confidence intervals of our
proposed estimators using a perturbation-resampling approach®*"'7. For resampling, we generate
(V0 = (V¥ .., VT b =1, ..., B}, which are n x Bindependent and identically distributed non-
negative random variables from a known distribution with unit mean and unit variance, such as the
unit exponential distribution. For each set of V.= (77,..., V)T, welet V; = V;/(n S0, V7)
and perturb each observation 7 by V. In Appendix s, we provide the detailed perturbation resam-
pling procedure for both the IPW and DR estimators. Operationally, we generate a large number, say
B = 500, realizations for V and then obtain B realizations of the perturbed statistics of interest. Stan-

dard error estimates and confidence intervals can then be constructed based on empirical quantiles of

these realizations.

1. SIMULATION STUDIES

We conduct simulation studies to evaluate the finite sample performance of our proposed estimators
compared to several existing methods. Namely, we compare our IPW and DR estimators to the fol-

lowing estimators:
1. the PTE estimator of Freedman (1992)3?, denoted I)/ﬁ[:’naive;
2. the PTE estimator given in Parast (2016)*%, denoted P/T\Ep; and
3. the PTE estimator of Wang (2020) '*4, denoted P/ﬁw.

Note that all of the above estimators assume that treatment is randomly assigned and do not take into
account baseline covariates X in their models. We let z = 400 and » = 1000 and choose K(-) as a
Gaussian kernel. We set the bandwidth » = hgptn’[‘), co = 0.11 where loopt = 1.06n"1/5 to satisty

106

the undersmoothing assumption *°°. We compute the true population parameters via Monte Carlo,

under the counterfactual models used to generate the data, with NV = 100, 000 averaged over 100
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replications. All results are summarized based on 500 simulated datasets for each configuration, and
B = 500 resampling replications were used for variance and interval estimation.

We consider two general settings. In Setting I, the surrogate is moderately strong and both as-
sumptions (A1) and (A2) hold so that the surrogate paradox is avoided. In Setting II, the surrogate
is weak and the working independence assumption (1.4) is violated. The relationship between S and
E(Y | § =) are visualized in the Supplementary Materials.

Specifically, in Setting I, we generate a 3-dimensional baseline covariate vector X, = (X1, X2, X;3)"

as Xy ~ N(0,0.04), X, ~ Gamma(2,2) and X;3 ~ Uniform(—1,1), and

z

SZ(O) = 78[1]}21 + ¢, S(l) = 7{[1])21 + ¢,

YZ(,O) = OSSZ(O) +ﬂ-(l)—[1])21 + X1:.X0; + X0 X5 + ¢, Y<1) = 03Sz(1) +‘5I[1])Zz +X1:X0, + X0, X5 + ¢,

z

where & ~ N(0,1), ¢; ~ N(0,0.04), 7y = (0,0.5,1,=0.5)7, ;1 = (0,1,0.5,2)7, £y =
(0,0.2,—0.3,—0.5)",and £,y = (0,1,-0.5,0.2)".

We generate 4; | X; from the PS model
P(A4; =11 X;) = expit{ —0.8X;; + 0.7X;» — log(X;3) + 0.6XX;3},

so that 58% receive treatment 4 = 1. Under this setting, Agoee = 0.29 and A = 0.54 so that the true

opt
potential outcomes PTE is 0.539, i.e., S'is a moderately strong surrogate for Y. We consider scenarios
in which we correctly specify both the PS and OR models, misspecify the PS model by omitting the
interaction term X;.X3, misspecify the OR model by omitting the variable X, and all interaction terms
including X5, and misspecify both models.

In Setting II, we consider a relatively weak surrogate and generate data such that the effect of §

on Yis also non-linear. We generate baseline covariates X; = (Xx,X;,X;3)" from X;; ~ N(0,1),
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X5 ~ Gamma(2,2), and X3 ~ Uniform(0, 5). Given X;, we generate

S(O) = 72)—[2}}21 + g, S(l) = 7{[2])21 + £/,

2

Y =100+ By (SO) Xi e, VY =50+ 8,5 (S) X + e,

z

where ¢; ~ N(0,4) and e; ~ N(0,1) and we let Yoy = (100,1,5,0)7, 3,5 = (100,2,4,0)7,
180[2] (5) = (s, —2log(s),25)", andﬂl[z} (s) = (s, =3 log(s), —14)".
We generate 4; | X, from the same PS model as in setting 1, but because of the different covariate

distributions, here 50% receive treatment 4 = 1. Under this data generating mechanism, ADgoe = 5.7

opt

and A = 26.7, resulting in PTEg

oot = 0.214. We consider scenarios in which we correctly specify

both the PS and OR models, misspecify the PS model by omitting the log(X3) term, misspecify the
OR model by omitting X, and misspecify both models.

We first summarize the results for Setting I. In Figure 1.1, we plot the empirical biases, the empirical
standard error (ESE) compared to the average of the estimated standard error (ASE), and empirical
coverage probabilities of the 95% pointwise confidence intervals (CIs) for gy (-) based on the DR
estimator gpr(-) estimated with sample size = 1000 under four specification scenarios. When at
least one of the two models is correctly specified, the point estimates for g, (+) present negligible bias,
the ASEs are close to the ESEs, probabilities of the 95% Cls are close to their nominal level. When
both models are misspecified, bias is observed in the tails, the ASE somewhat underestimates the ESE,
and the coverage probabilities of the 95% confidence intervals are somewhat below the nominal level.
Results for » = 400 bear similar patterns and can be found in the Supplementary Materials.

In Table 1, we summarize results for PTE estimation obtained via the proposed method and other
existing methods. When at least one of the PS and OR models are correctly specified, our proposed
DR estimator displays negligible bias and nominal coverage. The IPW estimator P/ﬁg has substan-

tial bias when the PS model is misspecified and the DR estimator also presents bias when both models
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Figure 1.1: Empirical bias, empirical standard error (ESE) versus the average of the estimated standard error (ASE), and
coverage probabilities of the 95% confidence intervals forfopt (s) when z = 1000 and (Row 1) both models are
correctly specified, (Row 2) PS model is misspecified, (Row 3) OR model is misspecified, (Row 4) both models are mis-

specified.
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are incorrect, as expected. In addition, the IPW estimator is less efficient compared to the DR esti-
mator when the PS model is correctly specified. The estimator from Wang (2020) '*4, PTE,, shows

considerable bias and below nominal coverage, and PTEg ... and PTEp show substantial bias.
Table 1.1: Bias for PTE estimators whose target parameter is PTEgopt = 0.539, Empirical Standard Error (ESE), Aver-
age of the Estimated Standard Errors (ASE) and Empirical Coverage Probabilities of the 95% Cls of Estimators under
Different Model Scenarios for Setting .

Size Estimator Scenario Bias ESE  ASE Coverage
n=400 PTE: .. NoX -o.159 o.114 - -
P/T\EP NoX -0.223 o.101 - -

PTE,, NoX -o.105 o.110 o0.110 0.729

PTE; PS Correct  0.006 0.087 0.088 0.930

PS Misspecified -0.059 ©0.107 0.109 0.916

PTE; pr Both Correct  0.003 0.079 0.079 0.940

PS Misspecified -o0.005 0.074 0.079 0.954

OR Misspecified -o0.007 0.084 0.082 0.940

Both Misspecified -0.091 o0.119 o.115 0.779

n=1000 PTE¢, .. NoX -o.151 0.064 - -
P/T\EP NoX -0.204 0.061 - -

PTE,, NoX -o0.103 o0.181 o0.174 0.803

PTE; PS Correct -0.006 0.052 0.053 0.950

PS Misspecified -0.087 ©0.069 0.072 0.768

PTE; or Both Correct -0.006 o0.051 0.050 0.944

PS Misspecified -0.003 ©0.050 ©0.050 0.956

OR Misspecified o.0o1  ©0.050 0.052 0.948

Both Misspecified -0.107 o0.074 0.072 0.635

Table 2 shows that under Setting II, P/T\E§ is consistent when the PS model is correctly specified
and Iﬁ\E@DR is consistent when either the PS model or OR model is correctly specified. However,
other literature estimators, I)/T?]Ep,naive, and P/T\Ep all estimate the true PTE as being close to 0. This is
likely due to the non-monotone relationship between Y and S in this setting, and the fact that these

estimators use S directly rather than g, () in estimating the treatment effect.
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Table 1.2: Bias for PTE estimators whose target parameter is PTEgopt = 0.214, Empirical Standard Error (ESE), Aver-
age of the Estimated Standard Errors (ASE), and Empirical Coverage Probabilities of the 95% Cls of Estimators under
Different Model Scenarios for Setting Il.

Size Estimator Scenario Bias ESE  ASE Coverage
n=400 PTE;, ... NoX -0.166 o0.031 - -
P/T\EP NoX -0.179 o0.044 - -

PTE,, NoX -0.015 0.042 0.041 0.980

PTE; PS Correct  0.006 0.050 0.048 0.936

PS Misspecified  0.024 ©0.053 ©0.052 0.894

PTE; or Both Correct  0.002 0.048 0.049 0.946

PS Misspecified 0.000 0.047 0.046 0.952

OR Misspecified  0.005 0.048 0.046 0.940

Both Misspecified -0.017 0.058 0.060 0.845

n=1000 PTE: . NoX -0.210 0.005 - -
P/ﬁp NoX -0.230 o.104 - -

PTE,, NoX -c.011 0.032 0.030 0.970

PTE; PS Correct -0.004 0.030 0.030 0.948

PS Misspecified 0.020 0.030 0.031 0.914

PTE; or Both Correct  0.005 0.028 0.029 0.942

PS Misspecified  0.004 ©0.029 0.029 0.946

OR Misspecified  0.007 0.029 0.028 0.940

Both Misspecified -0.024 0.051 0.045 0.853

1.6 REAL WORLD DATA APPLICATIONS

In this section, we use our proposed estimators to examine the comparative effectiveness of biologic
therapies, and we validate two surrogate markers in two different RWD settings of interest. In the
first application, we validate an algorithm-derived score for the likelihood of nonresponse based on
narrative text data in an EHR setting. In the second application, we validate a non-invasive partial
Mayo score in a cross-trial comparison. In both data applications, the number of covariates are limited
such that there may be unmeasured residual confounding for the relationship between treatment 4

and the surrogate S and primary outcome Y. However, we proceed with the analyses to illustrate our
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method and to show that using the PTE estimator of Wang (2020) **# that does not adjust for baseline
confounders can result in qualitatively different conclusions on the strength of surrogates. In both
data applications, race/ethnicity was defined as a self-disclosed, mutually exclusive categorical variable
of non-Hispanic white, non-Hispanic black, non-Hispanic Asian, Hispanic, or other. However, due
to the predominance of non-Hispanic white (= 90%), we used a binary race/ethnicity variable of
non-Hispanic white or not. Race/ethnicity was used as a confounder since the propensity of receiving
treatment can be influenced by race/ethnicity. For example, it has been documented that racial bias in

pain perception can result in differential pain treatment recommendations 3.

1.6.1 ArprricaTIiON [: EHR DATA

Our data consisted of 1451 IBD patient records from Mass General Brigham for patients who initiated
adalimumab (1060) or infliximab (391) between December 1998 and June 2010. We excluded 211 pa-
tients who did not have surrogate outcomes .S or who were missing data on 6 commonly used baseline
confounders: age, sex, race/ethnicity, prior hospitalizations, prior anti-TNF status, and Charlson co-
morobidity score®. Our complete case analysis consisted of 1240 patients (971 on adalimumab and
269 on infliximab). It appears that the treatment groups are somewhat imbalanced (Table 3), with
patients receiving adalimumab tending to be slightly older (mean age: 35.8 vs 34.3), less likely to be
male (0.42 vs 0.48), more likely to be white (0.93 vs 0.83), have a lower Charlson score 2.49 vs 2.87),
more likely to have had a prior hospitalization (.49 vs 0.44), and prior anti-TNF (0.29 vs 0.12).

We applied our proposed estimators to examine the surrogacy of a likelihood of nonresponse score
at 6 months for the number of narrative mentions of abdominal pain at 1 year, which is an important
outcome of interest. The likelihood of nonresponse score is an algorithm-derived score that weights
textual information such as the number of narrative mentions for diarrhea and fatigue*. The likeli-
hood of nonresponse score has been shown to differentiate symptomatic nonresponse from response

and was correlated with higher IBD-surgery and hospitalization rates*.
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Table 1.3: Baseline characteristics (mean (SD)) of 1240 IBD patients from MGB who initiaited adalimumab or infliximab.

Infliximab ~ Adalimumab
ny = 971 ny = 269
Age 34.3 (16.6) 35.8 (14.0)
Sex
Male 0.48 (0.50) 0.42(0.50)
Race/Ethnicity
White 0.83(0.49) 0.93(0.29)
Charlson Score 2.87(3.22) 2.49(2.75)
Prior Hospitalization  0.44 (0.50) 0.49 (0.50)
Prior anti-TNF Status  0.12(0.32) 0.29(0.45)

The estimated g, (+) along with point-wise CIs based on the IPW (red) and DR (black) estimators
are similar. The estimated transformation function appears to be non-linear, with a positive trend be-
tween s andgop, (5), as shown in Figure 1.2. The DR estimate for the treatment effect is A =399 (ie.,
patients initiating adalimumab had a greater expected number of narrative mentions of abdominal
pain at 1 year) and the corresponding treatment effect on the transformed surrogate A, is estimated
as K@DR = 28.5, resulting in a PTE estimate of 0.72 with a 95% CI of (0.52,0.92), suggesting that
the likelihood of nonresponse score at 6 months is a strong surrogate for abdominal pain at 1 year. Our
finding that patients initiating adalimumab had a greater number of narrative mentions of abdominal
pain at 1 year compared to patients initiating infliximab is consistent with previous literature*. The re-
sults for the IPW PTE estimate are similar with a PTE estimate of 0.72 and a slightly wider 95% CI of
(0.51,0.93). However, Wang (2020) assumes that treatment is randomized and thus under-estimates
both the treatment effect on the optimal transformation A, and the treatment effect A, but more

severely under-estimates A, resulting in a deflated estimate of the PTE= A, /A. Indeed, the Wang

(2020) method estimates A to be 17.5 and A,

opt

to be 7.0, giving a biased PTE estimate of 0.41 with

295% CI of (0.14, 0.67), suggesting a weak-to-moderate surrogate rather than a strong surrogate.
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Figure 1.2: Estimated g, (5) based on IPW (red) and DR (black) estimators and pointwise 95% confidence intervals for
the likelihood of nonresponse score at 6 months (surrogate) in an EHR comparison of adalimumab and infliximab for
1240 IBD patients

1.6.2 APPLICATION II: CROSS-TRIAL TREATMENTS

Previous research has shown that a cheap and non-invasive partial Mayo score may be a good surrogate
for the expensive and invasive full Mayo score”®***. The partial Mayo score is a composite score that
can be measured within weeks after receiving therapy and ranges in value from 0 to 9. It is based on a
patient’s self-assessed stool frequency (o-3), rectal bleeding (o-3), and a physician’s global assessment
(0-3). The full Mayo score ranges from 0 to 12 and requires an invasive endoscopy score evaluating

mucosal appearance and is typically collected much later in the trial.
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To illustrate the utility of our methods, we examine the surrogacy of the partial Mayo score at
week 6 on the primary outcome of the full Mayo score at week 54 among patients with moderate-
to-severe ulcerative colitis (UC). We compare head-to-head trials of two biologic therapies, infliximab
and golimumab '*®. Treatment randomization is broken by combining data from treatment arms
only in two separate trials with similar inclusion criteria, one comparing infliximab against a placebo
(NCTo0036439) and another comparing golimumab against a placebo (NCTo00488631). To adjust
for confounding bias, we consider baseline covariates X including patient age, sex, race/ethnicity, and
a health status score ranging from o to 100. Data were obtained from the Yale University Open Data
Access (YODA) database®”. It appears that the treatment groups are somewhat imbalanced (Table
4), with patients receiving infliximab tending to be slightly older (mean age: 41.4 vs 39.9 years), more
likely to be male (0.61 vs 0.57), white (0.95 vs 0.88), and have a higher health status score (57.8 vs

55.1), indicating more severe disease.

Table 1.4: Baseline characteristics (mean (SD)) of 381 moderate-to-severe UC patients who initiaited infliximab or goli-
mumab.

Golimumab Infliximab
ny = 216 n; = 165

Age 39.9(13.2)  41.4(13.7)
Sex

Male 0.57(0.50)  0.61(0.49)
Race/Ethnicity

White 0.88(0.32)  0.95(0.22)

Health Score 55.1(20.3)  57.8(20.9)

The ranges of S and Y'in the two treatment groups are {1,2, ..., 9} and {1, 2, ..., 12} respectively,
and the distributions are provided in Figure 1.3.

The analysis focused on the 381 patients who had complete information on the partial Mayo score
at week 6, the full Mayo score at week s 4, and baseline covariates, with 216 patients in the golimumab

group and 165 in the infliximab group. We applied the proposed methods to examine gy(-) of the
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Figure 1.3: (Left) Histogram of the partial Mayo score at week 6 (surrogate) in the two treatment groups; (Right) His-
togram of the full Mayo score at week 54 (primary outcome) in the two treatment groups

surrogate for predicting the treatment response as quantified by the full Mayo score. The estimated
Zopt(+) along with point-wise CIs based on the IPW (red) and DR (black) estimators are similar. The
estimated transformation function appears to be slightly non-linear, with a clear positive trend be-
tween s and g,y (s), as shown in Figure 1.4.

The DR estimator for the treatment effect is estimated as A = 1.19 in favor of golimumab and
the corresponding treatment effect on the optimally transformed outcome A, is estimated to be
Z@DR = 1.09. This results in a DR PTE estimate of 0.89 with a 95% CI of (0.45,1.33), suggesting
that the partial Mayo score at week 6 is a strong surrogate for the full Mayo score at week s 4. The results
for the IPW PTE estimate are similar at 0.90 with a slightly wider 95% CI of (0.43,1.37). However,

Wang (2020) again under-estimates both the treatment effect on the optimal transformation A, and

opt

the treatment effect A, but more severely under-estimates A, resulting in a deflated estimate of the

PTE = A,,,./A. Wang (2020) estimates A to be 0.24 and A,

opt 10 b€ 0.09, resulting in a biased PTE

estimate of 0.39 with a 95% CI of (—0.04, 0.83), suggesting a weak-to-moderate surrogate rather
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Figure 1.4: Estimated g, (5) based on IPW (red) and DR (black) estimators and pointwise 95% confidence intervals for
the partial Mayo score at week 6 (surrogate) in a cross-trial comparison of infliximab and golimumab for 361 UC patients

than a strong surrogate.

1.7 Discussion

Despite the growth of RWD, robust and flexible statistical methods to identify and validate surrogate
markers in such data settings are lacking. There is great interest in leveraging RWD, including EHRs,
registry data, and cross-trial data, to inform the design of shorter and cheaper clinical trials through
the use of valid surrogate markers. Motivated by the need for statistical methods in CER for surro-
gate marker evaluation, we propose novel IPW and DR estimators for the optimal transformation

function and the corresponding PTE explained by a surrogate in RWD settings. In two separate ap-
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plications, we validate two surrogate markers for outcomes of interest in IBD. Using EHR data from
Mass General Brigham, we validate an algorithm-derived likelihood of nonresponse score at 6 months
as a surrogate for the number of narrative mentions of abdominal pain at 1 year. In a second example,
we validate a partial Mayo score at week 6, which does not require an invasive endoscopy procedure,
as a strong surrogate for the full Mayo score at week s 4 in a cross-trial study, supplementing evidence
from previous placebo-controlled trials7>***. These findings may be particularly useful in informing
future cross-trial designs for biological therapies.

Oneimportant question is how one should use the estimated PTE to identify or validate a proposed
surrogate marker. In practice, the primary use of the PTE estimate is to determine whether a proposed
surrogate is of ‘high quality’, in the sense that it can explain a large proportion of the treatment effect
on the primary outcome of interest. While there are no official criteria on what constitutes a high-
quality surrogate, previous work has proposed calling a surrogate “high quality” if the lower bound
of the 95% CI of the PTE estimate is above 0.50 (Lin, 1997). If a proposed surrogate meets this
criterion or some similar threshold, then future studies can use the surrogate to make inferences on
the treatment effect on the primary outcome. For example, when the primary outcome is not available
or may be costly to obtain, then the treatment effect on the transformed surrogate A, may be used
instead to test for the treatment effect on the primary outcome A. Finally, a validated surrogate can be
useful in the design of future studies, where sample size and power calculations can be based on the
treatment effect on the transformed surrogate A,.

Our approach has some limitations. First, our proposed plug-in estimators for PTE use the same
data to estimate both g,,, and PTE given g, which may result in overfitting bias. However, in simu-
lation studies, the bias appears small compared to the standard error, even with modest sample sizes.
For small sample sizes, cross-validation can be used, in which separate data is used to estimate g, and
PTE given g. Second, we fit our PS models using logistic regression with specified basis functions, but

alternative approaches like gradient boosting, super learner, and other machine learning classifiers can
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be used. Third, our approach is tailored for a single surrogate. Future extensions of our method can
be developed to incorporate multiple surrogates, for example, through a surrogate index approach **.
Another interesting question is the relative efficiency gain of the DR estimator compared to the IPW
estimator when the level of covariate overlap varies. In observational studies, the unconfoundedness

assumption is more plausible when one adjusts for a richer set of covariates '

, the intuition being
that including these covariates decreases the likelihood of unmeasured confounding. However, this
can present an issue for covariate overlap, because if these covariates can nearly perfectly predict treat-
ment assignment, then propensity scores will not be bounded away from zero and one*3. Papers in
the semiparametric estimation literature have shown that the convergence rate of estimators depends

66,54

on the level of covariate overlap , and it would be interesting to examine this effect on efficiency

in our setting.
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SUPPLEMENTARY MATERIALS

The supplementary materials contain six appendices. Appendix A.1 provides a derivation of the op-
timal transformation function. Appendix A.2 provides a derivation of the bounded PTE measure
and avoidance of the surrogate paradox when assumptions (A1) and (A2) are satisfied. Appendix A.3
provides a proof for consistency and asymptotic normality of P/T\Eg. Appendix A.4 proves that our
proposed DR estimators are consistent when either the PS model or the OR models are correctly spec-
ified. Appendix A.s5 provides details on perturbation resampling. Appendix A.6 provides additional

figures.
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Federated Adaptive Causal Estimation

(FACE) of Target Treatment Effects

2.1 INTRODUCTION

Multi-center, federated causal inference is of great interest, particularly when studying novel treat-

ments, rare diseases, or in times of urgent health crises. For example, the COVID-19 pandemic has
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highlighted the need for novel approaches to efficiently and safely evaluate the effectiveness of novel
therapies and vaccines, leveraging data from multiple healthcare systems to ensure the generalizability
of findings. Over the past few years, many research networks and data consortia have been built to
facilitate multi-site studies and have been actively contributing to COVID-19 studies, including the
Observational Health Data Sciences and Informatics (OHDSI) consortium 5¢ and the Consortium
for Clinical Characterization of COVID-19 by EHR *5.

Analyzing data collected from multiple healthcare systems, however, is highly challenging for sev-
eral reasons. Various sources of heterogeneity exist in terms of (i) differences in the underlying popu-
lation of each dataset and (ii) policy level variations of treatment assignment. Since treatment effects
may differ across difterent patient populations, it would be of interest to infer the average treatment
effect (ATE) for specific target populations. However, the presence of heterogeneity and potential
model mis-specification poses great difficulty to ensure valid estimates for the target average treatment
effect (TATE). Furthermore, patient-level data typically cannot be shared across healthcare centers,
which brings additional practical challenges. To overcome these challenges, we propose a Federated
Adaptive Causal Estimation (FACE) framework that aims to incorporate heterogeneous data from
multiple sites to make inference about the TATE, while accounting for heterogeneity and data-sharing
constraints.

Most existing literature on federated learning has focused on regression and classification mod-

19,71,18,68,72,125,30

els . Limited federated learning methods currently exist to make causal inference with

multiple heterogeneous studies. Recently, "> proposed federated inverse probability weighted (IPW)

130

estimation of the ATE specifically for an entire study population. Although'*° provided multiple
methods for point estimation and variance estimation, the choice of the proper method depends on
prior knowledge about model homogeneity and specification, which are difficult to verify in practice.

No empirical study in '3° was provided to test the robustness of the approach to the covariate shift as-

sumption. In addition, their methods cannot be used to estimate the ATE of a target population that
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differs from the full study population.**" proposed a Bayesian approach that models potential out-
comes as random functions distributed by Gaussian processes. Their focus is also on the population
ATE rather than any particular target population, and their approach requires specifying parameters
and hyperparameters of Gaussian processes and modeling between-site covariate correlations through
kernel functions, which can be numerically intensive. Compared to these approaches, our approach
estimates the TATE in a particular target population and accounts for the heterogeneity across pop-
ulations without requiring prior information on the source data distribution or the validity of model
specifications. Our approach further safeguards against incorporating source datasets that may intro-
duce bias to the estimation of the TATE, known as negative transfer 87127,

Another related strand of literature concerns the generalizability and transportability of random-

1 I13 I12 III
. b b

ized clinical trials to EHR studies. For example, Stuart et a assessed the generalizability of

2629 and®s all focused on extending

results from randomized trials to target populations of interest.
inferences about treatments from a randomized trial to a new target population by using different
weighting schemes. For a comprehensive review of statistical methods for generalizability and trans-
portability, see Degtiar & Rose *”. However, to date, no literature in generalizability and transporta-
bility has sought to leverage observational data from a potentially large number of source sites in a
data-adaptive manner to obtain unbiased, efficient, and robust estimation of target treatment effects.

The major contributions of FACE can be summarized as follows. First, FACE allows for flexibility
in the specification of the target population. For example, the target population in a research network
can be defined as the underlying population of a given healthcare center, or multiple healthcare cen-
ters that share certain properties (e.g., geographic location), or the overall population combining all
sites. This flexibility provides stakeholders and policymakers at difterent levels with information on
their respective target populations. Second, using a semiparametric density ratio weighting approach,

FACE allows the distribution of covariates to be heterogeneous across sites. Third, FACE protects

against negative transfer through an adaptive integration strategy which anchors on the target data
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and computes data-adaptive weights for source sites. In doing so, FACE can achieve optimal efficiency
while maintaining consistency, and it is robust to the distribution of data and potential model mis-
specifications in the source sites. Moreover, FACE is a communication-efficient federated algorithm
that allows each participating site to keep their data stored locally and only share summary statistics
once with other sites.

The remainder of the paper is organized as follows. In Section 2.2, we introduce the problem set-
ting, notation, and assumptions required for identification of the TATE. In Section 2.3, we describe
the proposed FACE framework for estimating the TATE. We introduce the in-site estimators based
on the target population and source populations separately in Sections 2.3.1 and 2.3.2 and present
the adaptive and distributed integration in Section 2.3.3. In Section 2.4, we provide the theoretical
guarantees of FACE, including double robustness, asymptotic normality, and relative efficiency. In
Section 2.5, we conduct extensive simulations for various numbers of sites, data generating mecha-
nisms, and show robustness to mis-specification of different models. In Section 2.6, we apply FACE
to conduct a comparative effectiveness study of COVID-19 vaccines using the EHRs from five fed-
erated Veterans Affairs (VA) sites. We conclude in Section 2.7 with key takeaways and directions for

future research.

2.2 SETTING AND NOTATION

For the /-th observation, we denote the outcome as ¥; € R, the p-dimensional baseline covariate
vector as X; = (Xy,...,X;) " € X C R?, and the indicator for binary treatment as 4; € {0,1}.
There are / > 1 target sites and another K > 0 source sites. Let 7 C [/ + K] indicate sites that
are in the target population and S C [/ + K] indicate sites that are in the source population, where
[K] = {1,...,K} for any integer K. Under the federated learning setting, a total of N observations

are stored at / + K study sites, where the £-th site has sample size 7;, and N = Z{::l( ny. Let R;bea
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site indicator such that R; = £ indicates the 7-th patient in the 4-th site. Indexing the site by a single
integer R;, we assume that each observation may only belong to one site. We summarize the observed
dataat eachsite kas 7, = {(Y;, XlT ,A;, R;)T, R; = k}, and consider a federated data setting where
each site has access to its own patient-level data but can share only summary statistics with other sites.
We denote the index set for each site as 7, = {7 : R; = k}. The data included in the target sites are
denoted by Z7. For simplicity of notation, we use (¥, X, 4, R) without subscripts to state general
assumptions and conclusions.

kSI,Ioo

Under the potential outcomes framewor , we denote Y@ as the potential outcome of pa-

tients under treatment 4 = 4,2 = 0,1. Our goal is to estimate the TATE for a specified target
population 7,
Ar =il i), 4P =E |ReT), (2.1)

where the expectation is taken over the distribution in the target population. The target population
can be specified at multiple levels (e.g., single site, multiple sites, all sites) corresponding to different
targets of real world interest. This distinction between target and source sites also distinguishes our
setting from that of "3°, in which the target population always contains all participating sites.

To identify the TATE, we make the following standard assumptions®>*° throughout the paper:
Assumption 1 For a positive constante > 0,a € {0,1}, andx € X,

(a) Consistency: Y = YD),

(b) Overlapping of treatment arms: P(A =a | X =x,R=4%k) € (e,1—¢), k€ [[+K].

(c) Overlapping of site populations: P(R =k | X =x) > ¢,k € [+ K.

(d) Ignorability: (YW, Y®)) 1L (4, R) | X for R € {T,S*} forsome S* C 8.
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Remark 1 Assumption 1(d) implies that the underlying true treatment response pattern is shared across
target sites and an unspecified subset of source sites S* C S so that the treatment effect estimates from
T and S* can be safely combined to estimate the TATE. Our adaptive selection and aggregation step
in FACE, as detailed in Section 2.3.3, is designed to incorporate these source sites S* for precision gain
while preventing negative transfer from other source sites S \ S*. Assumption 1(d) may be violated, for
example, when the target and source populations differ along unobserved features, such that controlling
for observed confounders is insufficient. * consider such a setting. They assume that the distribution of po-
tential outcomes across target and source populations are the same conditioning on observed confounders
X and unmeasured effect modifiers U and derive bounds for the TATE by assuming a sensitivity model
that directly implies a bound on the unobserved distribution shift ratio. Since violations of the transporta-
bility assumption are in general untestable, many works have also proposed sensitivity analysis for how

much violation of the assumption can result in transportability bias* &,

We denote the specified models for the site-specific propensity score (PS) and outcome regression

(OR) as:

PS: PUA=a|R=kX)=m(aX ), (2.2)

OR: E(Y|R=kd=aX)=maXg,,) (2.3)

For the target sites, we require £( Y@ | R = k,X) to be shared but do not require ;, to be the same
across 7. Under possible model mis-specifications, we allow either (i) the outcome models in (2.3) to
be correctly specified with 8, |, = 8, or (ii) the PS models in (2.2) to be correctly specified, for £ € T.

Since the distribution of the covariates X can be heterogeneous across sites, we characterize the
difference in covariate distributions between a target site k, € T and a source site k£, € S through a

density ratio

pac}
>
|

5D

CAX|R=k) PR=k|X=x)

S AX|R=k) PR=k|X=x)

Wp, k(%)

=~
=
x>
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We choose flexible semiparametric models for the density ratio

gk, (X 7’/@,/@) = exp{ﬂ,,/ej (X}, (24)

where ¥ : R? = R is a vector-valued basis function with an intercept term. One may specify a
range of basis functions to capture potential non-linearity in the density ratio model to improve the

robustness of the estimation for wy, ¢ (x).

Remark 2 The exponential tilt density ratio model (2.4) is widely used to account for beterogeneity
between two distributions®**33°. By including bigher-order terms of x in y/(x), higher-order differences
such as variance and skewness can be captured. We propose in Section 2.3 a communication-efficient
approach to estimatey;, , in covariate distributions between a target site and source site without sharing
individual-level data. In the simulation study and real-data example, we have selected the exponential
tilt model with Y(x) = x, which recovers the whole class of natural exponential family distributions,

including the normal distribution with mean shift, Bernoulli distribution for binary covariates, etc.

2.3 METHOD

In this section, we detail the FACE method. We start with an overview of its main workflow, where a
schematic illustration can be found in Figure St of the Supplementary Materials. In step 1, each target
site calculates summary statistics of its covariate distribution, ¥, = x| > ier, V(Xi) fork € T, a
key quantity for estimating the density ratio model to balance covariate distributions, and broadcasts
them to all source sites, along with its OR parameters {Bﬂ’ @ = 0,1}, Each target site also constructs
a doubly robust estimator” for its site-specific ATE, obtains additional summary statistics needed for
the adaptive aggregation, and shares them with the leading analysis center (AC) (see Section 2.3.1). In

Step 2, each source site uses the summary statistics of the target site (¢, from £ € T) to fit its density
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ratio model and construct an augmentation term 57-7 ¢ for k£ € S for the TATE. Each source site shares
the augmentation term, together with additional summary statistics needed for the aggregation, to the
AC (see Section 2.3.2). In Step 3, the AC performs the aggregation with estimators and parameters
from Steps 1 and 2 to obtain the final FACE estimator, 37-’1: ACE (see Section 2.3.3). Overall, each site
is only required to share information one time with other sites.

We detail each step of FACE in Sections 2.3.1-2.3.3 with generic models. Each site will need to
fit both the OR models and the PS model using its own local data. Standard regression models such
as logistic regression and generalized linear models can be used. Non-linear basis functions can be
included to incorporate non-linear effects. For k € [/+ K], we denote the estimated PS as 7, (2, X; a;)
and the predicted outcome for treatment 2 as m (a2, X; ‘éﬂ), where 2y and ‘éﬂ can be achieved via classical
estimation methods such as maximum likelihood estimation or estimating equations. An example

with logistic regression models is given in Section 2.3.5.

2.3.1  STEP 1: ESTIMATION USING TARGET DATA

The initial doubly robust TATE estimator is obtained from the site-specific ATE of the target sites.

Within target sites, we compute the doubly robust TATE?, 27-716 =M, + ?57,/6, where

My = n?l Z {m(l,Xl-;[@l’k) - m(O,Xi;[[AZO’k)} forke T

€1y

is the OR model based estimate of the TATE, and

NS (1)t i
Ok =y ; X U Xl Y fork e T, (2.5)
€T,

is the augmentation term that guards against mis-specification of the OR model. In addition, we

calculate summary statistics for the £ € 7T target site covariate distribution, g, = n, > e, V(Xo)-
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The AC can construct the initial TATE estimate,

~ ) ~
At =N Y mlbry,
k€T
with summary data from target sites, { A7 4, 74 : £ € T }. The consistency of A7 7 is ensured when

either the PS or OR is consistently estimated for each &£ € 7.

Remark 3 Here, we estimate B in cach target site k € T as /Zﬂ’ i Alternatively, one could estimate 8,

Jointly at the cost of one additional round of communication between target sites. A jointly estimated j3,

could benefit from efficiency gain under certain model specification conditions. Previous literature have
o , , o573 ,

developed distributed methods for aggregating estimates of B, 73", In practice, one should balance the

advantage of potential efficiency gain with the cost of an additional cross-site communication.

To facilitate optimal aggregation, we also share the estimators for the variance-covariance of scaled
estimators, /7, (M k,gT’/e, Vs 1@17 v 1@07 +)> which we denote as 3, for the target sites ¥ € 7. Variance
estimation ﬁ?k for £ € T can be conducted through classical influence functions or bootstrapping
within site. The exact role of the matrix in the aggregation will be unveiled after introducing the

optimal combination weights in (2.8), which is the centerpiece of the adaptive aggregation step.

2.3.2  STEP 2: ESTIMATION USING SOURCE DATA

To safely use source data to assist in estimating A, we further account for the covariate shifts between
the source sites and the target sites by tilting the source sites to the target population through the den-
sity ratios @, ¢, (X; 7, &,)- Ifindividual-level data could be shared, estimating 74, 4, could be achieved
by constructing a pseudo-likelihood function as in”*. However, such an estimator cannot be directly
obtained in a federated data setting. Instead, we propose a simple estimating equation approach that

can be calculated in each source site £, € S using its data, along with summary statistics 3}/«: obtained
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from the target sites k£, € T . Specifically, we estimate Yhop 3

Vhok | solution to nkjl Z Wh, b, (;k(X,»);}/k[’kJ) v(X,) = 3}/@' (2.6)

€Ty,

Remark 4 Our approach is related to recent work that adjusts for observed differences in covariate dis-
tributions between a target population and the population that actually receives treatments’®''#.5° con-
struct minimax linear weights that achieve approximate sample balance as in (6) uniformly over an
absolutely convex class M. They show that when M is selected appropriately, the solution to (6) converges
in empirical mean square to the functional’s Riesz representer, i.e., the unique square-integrable func-
tion that satisfies the corresponding population balance condition for all square-integrable functions’’.
Relatedly,""* propose regularized calibrated estimators in the high-dimensional setting under minimal

sparsity assumptions.

For each source site, we construct a site augmentation term similar to the augmentation term in

(2.5) for the target sites but with an additional density ratio weight

_I)I_Az'

[ X Vek) 1 X2
Tk = 1, Z‘%J@( ”7/€~k5)7rk(Al‘,Xz~;5tk)

i€y,

{Y; — m(dr, X5 8, )} fork, € S.

We use the OR estimates from target sites 1@ 4,4, tO ensure robustness when the OR is mis-specified.
See Remark s for details.

Then, the site-specific augmentation terms 57—7/% are shared back to the AC, together with (i) &iy
an estimate for the scaled conditional variance 7;, Var (57—’ L, | @7—) , and (ii) (Ai/eh/e:, an estimate for the
partial derivatives of 57-7/@ with respect to %Z, 217 £ and 207 x The role of (Aikt,kj in the aggregation will
be explained in (2.8). Both 3/@ and &kh,ej can be constructed from classical influence functions. Alter-
natively, &i} can be estimated by bootstrapping within site and &khk; can be estimated by numerical

derivatives.
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Remark s Combining the source site augmentation term ot j, with the initial TATE OR estimator

from the target sites M, we obtain the k, € S source site estimators Ay, = My + 07, as

AT,k; = ]\G'l Z np, nj;l Z{m(lvxz';£17kt) - m(oaxi;[go’/@)}
k€T i€y,
(—1)1_‘4"

1 ~
X T T~ A N
+nkj Z w/e[,/e;( 7’@7/@)7%;(14”}{1.;%5)

1€y,

{(Y; = m(dn X5y 1)}

When the underlying OR model in the k; € S source site is the same as in the target population, the
estimator 37—’/6: is doubly robust in the following sense: either (i) the OR model is consistent for all
k € {T,ks}, or (i) the PS and density ratio models are consistent for the source site. Shifts in covariate
distributions may induce heterogeneity in OR estimates across sites under mis-specified OR models, even
if the conditional distribution Y | A,X is shared. To achieve robustness toward mis-specified OR, it is
important to use the same [@@ p Jor My and /577 %, 50 that we may rely on the correct PS and density ratio

models for consistency according to the alternative representation

_1)1_141'
NoL —1 X5 (—Y
T Z P nkj Z a)khk;( b 7k’7k5> 7fk; (Ah Xu &/6;) l
k€T lEZ}eJ
Fn Y omL X B ) =t Y o (X V) — (1L, X B
et ’ : ’ Wk;(laxﬁdk;) ’
kt ZEI/Q_
S (0, X B )+ S o (Xt 7y ) — (0, X1y k,)}-
€Ty, 7 ' i€y, B, (0, X5 24,) ’

1o protect against negative transfer from source sites with biased TATE estimators, we combine infor-

mation from each source site with the target sites through our adaptive aggregation step in Section 2.3.3.
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2.3.3 STEP 3: ADAPTIVE AGGREGATION

In the final step, we obtain our FACE estimator by adaptively aggregating the initial TATE estimator
ET,T and the source site estimators /A\T,/ej- Denote 5777- = ]\17\—1 DoreT ”k%’,k- The AC can estimate
A7 by taking a linear combination of the initial TATE estimator ZT,T and the source site estima-
tors ZT&, where the weights are estimated to make an optimal bias-variance tradeoff. Indeed, the

proposed FACE estimator is an “anchor and augmentation” estimator”

AT,FACE = ZT,T + Z 77@{37,/@ - ZT,T} = ET,T + Z 77165{§T,/e5 —57,7},
k€S k€S

which anchors on the initial TATE estimator 37-77 and is augmented with source site estimators
ZT,/Q, with the weights {7, ,k € S} to be estimated in a data-adaptive fashion to filter out po-
tentially biased source site estimators. The second expression of AT,FACE in (2.3.3) shows how the
parameters from Steps 1 and 2 are used in the construction of the FACE estimator.

Moreover, the aggregation of the remaining unbiased source site augmentation terms should also
minimize the estimation variance. Under the federated learning setting, the key to evaluate the vari-
ance of (2.3.3) is to decompose it into contributions from separate sites so that they can be estimated

within each site. For any subset of S, & " C S, we consider the following decomposition

Var § Arr+ Y 7 (Arg, — A7)
hes!

~ Z ;ﬁéVar (57,/65

keSS’

r)

g, My — Ny Zk;ES’ Tk, T N NS I L L
i ,eevaar Ni%’ Nt ’g‘; Tk, | M7, 00,1, 814, 800)" 05 (27)
t S

where dy, 4, is the limit for d, 4, , which is the partial derivative of 07, with respect to the broadcast
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estimators hz’ {@17 b and 207 I We decouple the dependence of the source site augmentation termng,/ej
on the targetsites by subtracting the first order approximation of the dependence (1}; , 1@; x /}; k}) di, .-
The resulting/gﬁj/@ — dzh L %t is asymptotically independent of the target sites.

Since including information from source sites S \ S* may lead to biases, we adopt an adaptive
combination strategy similar to the one given in*° for combining data from a randomized trial and

an observation study. Here, we overcome the additional challenge of data sharing constraints, and we

propose the following adaptive L; penalized optimal aggregation

. S ,\ ~ 2
£ b)) | + 230 Iyl (re 7))
! k€S

5’2
7 = argmin N Z 7 b

“n
7€ERK hes kB keT

where
.

i g, My — My Zk es* Tk T
h = ‘ - . d
kz (77) NT ’ NT ’ k;ze‘:s ;7k.r klﬂkf ’

with 3, estimated from Step 1 and & and &kt,/ef estimated from Step 2. The multiplicative /N factor
is required to stabilize the loss. Choosing 2 =< N” with » € (0,1/2), we achieve the following oracle
property for selection and aggregation: (i) biased source site augmentation terms have zero weights
with high probability; (ii) regularization on the weights for unbiased source site augmentation terms is
asymptotically negligible (< N'/2). Analogous to the phenomenon in meta-analysis, the estimation
uncertainty of 7 has no asymptotic effect on the aggregated estimator.

Using the variance estimator (stabilized by “/N” factor likewise)

- % NN AP
V=N h ot D b () R () (2:9)
kes ko peT ki

and the I — /2 quantile for the standard normal distribution 2, /,, we construct the (1 — ) x 100%
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confidence interval

N

C, = [AT,FACE — 1/ Y//NZ‘,‘/Z, AT,FACE + ])/de/z] . (2.10)

The full FACE workflow is summarized in Algorithm 1.

Algorithm 1: FACE under generic model specifications
Data: / targetsites k&, € T, K source sites k, € S, and a Leading AC
v for Targetk, € T do
2 Estimate @, 8, ,, to calculate the initial TATE 37—,/@ its augmentation 57—,@ and

the variance estimator %, and transfer to the leading AC. Calculate %[ and
broadcast to source sites along with 8_ .
ayRt
3 end
4 for Source sites k, € S do
5 Estimate y, , and «;, to calculate the site-specific augmentation J7, and
transfer to the leading AC. Calculate 8’2!, dy, ¢, and transfer to the leading AC.

¢ end
or Leading AC do
8 Estimate 7 by solving the penalized regression in (2.8). Construct the final

N
)

global estimator as ATJ:ACE by (2.3.3). Calculate the global estimator variance
by (2.9) and construct 95% CL

9 end
Result: Global TATE estimate, AT7FACE and 95% CI

Remark 6 Our aggregation procedure is communication-efficient and privacy-protected, whereas ag-
gregation procedures given in the curvent literature such as those in>° require sharing individual-level
influence functions. Equation (2.8) is constructed using summary statistics, which provides a _federated

learning solution when individual-level data sharing is forbidden.
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2.3.4 TUNING PARAMETERS

To choose an optimal tuning parameter A, we propose a sample splitting approach that does not
require sharing individual-level data. In each site, the data is first split into training and validation
datasets, keeping the same proportion within each site. In the training datasets, Algorithm 1 is im-
plemented to obtain the summary statistics (ikt, (Ai/ej, &ij, 57-%, and 5737—) needed for Equation (2.8).
The AC selects a grid of A values and calculates 7(1) by solving the penalized regression in (2.8). The
upper and lower bounds on the grid of A values can be left unrestricted; in practice, we have found
that searching between 0.01 to 100 to be sufficiently large to provide good finite sample performance.
In parallel, the validation datasets are used to obtain summary statistics denoted by (ik,, &k,/e;’ 5%5, E\T,k;
and 5\7-77-). These summary statistics are calculated using the validation datasets and plugging in the
parameters estimated from the corresponding training datasets. The AC sets the value of the optimal
tuning parameter, Aop, to be the value corresponding to the 7 that minimizes Q(7) in the validation

datasets, defined as

Q) =N" 7o+ > b ()b ()|
res ko her "k,

where NV, n /i/ ,and z /Z are the sample sizes for validation data from all sites, source site k;, and target

site k;, respectively.

2.3.5 FACE UNDER LoGisTiC REGRESSION MODELS

As an example, we illustrate FACE under logistic regression models with Y being binary, / + K = 5
total sites and 7~ = {1} as the target site. For notational ease, let X be the vector of covariates with
an intercept term. We fit logistic regression models with link g(x) = 1/(1 4 ¢™*) and loss £(y, x) =

log(1 + ¢*) — yx for all PS and OR models. For simplicity, we let ¢(X) = X.
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In Step 1, we calculate the mean covariate vector in the target site &, = 1as ;}T = ni > et Xi and

transfer it to sites 2 through 5. Then, we estimate the models for £, = 1

1 - 1
a1 = argmin — Z U(d;,a'X,;), B, = argmin — ZJ(A,- =a)l(Y;,a"X;).
acRrt M e T perrtt Mlien

Using the estimated models, we obtain the initial estimator and its augmentation term

ity = {e (B%) e (B,%)}.

i€l
i 3 [y (e (B0 - 55 (e ()]

and A7 7 = M7 + o7 7. The variance covariance matrix estimator X; can be calculated as ¥; =
'S se7, UiU] through the estimated influence functions, where U; = (£, &, ¥(X,)", 21,4, 20,1) ",
and the exact form of &, {; and 2, ; are given in the Supplement B.3.4.

In Step 2, we estimate the models fork, = 2,...,5

2y, = argmin nk_zl Z U(4;,2"X;), 7, = argmin ”k_,l Z exp(y'X,) — 7" ¥r

2€ERPH! €Ty, yERH! €Ty,

Using the estimated models, we obtain the site-specific augmentations

oy Ve Bx)} -y (s (B )}].

s

3Tk —n,el Ze”k:

lGIk
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along with the partial derivative of 07, with respect to ;}7-, cAikj = (&/I » &,j 5 &Z V; )T, as
5y 59| 1 5 0

-1

g -1 7T X, -1 5T X, (— ) AT
diy = — n, Z XX n, Z ks 7T ) {Yz —g ({gAthXz) } X,
l’EZk: ZGI}\ g k
e —1 TX; = ﬂ
dlemgd -\ nk Z €7k 1 ﬂATX }g ( )
lEIk

The variance estimator 5@ can be calculated as &2 =ny, Y €T, f 1, through the estimated influence
function, where the form of £; , is given in the Supplement B.3.4.
In Step 3, we use il, cAlk;, 5‘/%;, o1 #, and 07 7 to solve the adaptive selection and aggregation (2.8),

which leads to AT,FACE and the confidence interval C;.

2.4 THEORETICAL GUARANTEES

In this section, we provide the theoretical results for the FACE estimator. We start with a high-level
theory for a generic choice of models in Section 2.4.1. Then, we discuss the efficiency gain from lever-
aging source sites in Section 2.4.2. We give in Section B.2 a detailed set of conditions corresponding to

the realization of Section 2.3.5. In our asymptotic theory, N is allowed to grow but the distribution

for (Y, X", 4,R)" andJ + K are fixed.

2.4.1 THEORY FOR GENERAL FACE

To compress notation, we combine the broadcast parameters and their asymptotic limits as

= (F b)) o= (BT [ R=k)EB) - G

Regularity conditions are detailed in the following
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Assumption 2 For absolute constants M, e > 0,

(a) (Regularity of estimators) The estimators M, 573 b (@d p, and 57-7 &, admit the following asymp-

totically linear representations

V/Nr(My — My1) = FZZZJFOP

k€T ZGI/e

VNr(rr —377) = FZZ£T+OP

/e,G’T ZGIKZ

VI Gy =0 = ——= 3 £+ v > AL (B = 8) +op(0),
\/716116 k€T

V k; (Iga,/e, a k,) Z Vi,a + OP

Zel-/c

with bounded asymptotic limits M T, (_3737—, 7?7—,/6;, &,e,, 4, and iid mean zero random variables

5o &1 i

(b) (Compact support) The covariates X and their functions y(X) in the density ratio are in compact

sets X € [—M, MY and y(X) € [—M, M1 almost surely.

(c) (Stablevariance) The variance of & is in the set [¢, M]. The variance-covariance matrix

S, = Var{ (¢ &, 9% ol o00) | R = ki

has eigenvalues all in [e, M) for some positive constant € and M.

(d) (Regularity of anxiliary estimators) The estimators i/e,: 3'%5, (Ai/ej are \/ N-consistent

> )i/e, %+ {\5'?, — Var(§,, | R = k)| + H&/@ - c‘lka} -0, (z\rl/z) .
S

1€ s
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(¢) (Root-N rate consistency) For each target site k, € T, at least one of the two models is correctly
specified:

-1 the PS model is consistently estimated:

sup  sup Z |P(d=a|X=xR=k)—m(ax;a) =0, (M1/2> )
a=0,1 ||x[loo <M g, e

-ii the OR model is consistently estimated:

sup  sup Z EY|4d=a,X=x,R=k)— mkt(a,x;ﬁmkt)
a=0,1 x|l <M p, T

-0, (z\rl/z) .

Assumptions 2(a) and 2(e) are the typical regularity conditions under classical parametric models.
They can be verified in two steps: 1) asymptotic normality of model estimators''” and 2 local expan-
sion of the estimators. Assumption 2(c) regulates the scale of variability of the data, which leads to a
stable variance for A7~7 FACE. Assumption 2(e) ensures identification of the true TATE by anchoring
on 3777-7. Note that in the setting of multiple target sites, Assumption 2(e) allows for each target site
to have different correct model specifications for either the OR model or the PS model.

We now state the theory for the general FACE estimation.

Theorem 1 Under Assumptions 1 and z, the FACE estimator is consistent and asymptotically normal

with consistent variance estimation V),

\/]W (AT,FACE - AT) ~» N(0,1).

We use ~ for convergence in distribution.

Theorem 1 implies that (2.10) provides asymptotically honest coverage.
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Corollary 1 Under Assumptions 1 and z, the coverage rate of the confidence interval (2.10) approaches

the nominal level asymptotically
lim P (AT c ca) —l—u

A key step in the proof of Theorem 1 is the analysis of the L; penalized adaptive selection and
aggregation (2.8). We are able to establish the oracle property?’, i.e., the data-driven selection and
aggregation through (2.8) is asymptotically equivalent to the process with a priori selection and op-
timal aggregation. The problem is different from the typical penalized regression, so we develop a
new proof strategy. We first analyze the optimal combination with oracle selection, in which the bi-
ased augmentations are excluded. For unbiased augmentations, KT’ k— 37—77 =0, (N’l/ 2) , so the
penalty term is asymptotically negligible, i.c., 2(&7-7165 —Ar7)t = 0, (N~Y/2) when 2 is chosen such
that 4 < N” with » € (0,1/2). Thus, the estimated combination converges to the asymptotic limit

1/2

at the regular N™/~ rate. Finally, we show that the estimated combination with oracle selection also

solves the original problem with high probability.

Remark 7 For consistency of At gace, we require that the PS or OR model is correct for the target sites
but allow the models for the source sites and density ratio to be mis-specified. To meaningfully leverage
information from source sites for the TATE, we would expect that many k, € S among the source sites (i)
satisfy the ignorability condition 1(d) and (ii) either the OR model m(a) is correct, or both the PS m;, and
the density ratio wy, , models are correct. For source sites satisfying the conditions above, their site-specific

augmentations are unbiased and thus contribute to the efficiency improvement of AT Face.

2.4.2 RELATIVE EFFICIENCY

Notice that we recover the initial TATE estimator 37—77 from (2.3.3) if 7 = 0. Since we are min-

imizing the post-aggregation variance, the optimal solution must be no worse than any alternative
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solutions. If there exists informative source sites in ', as defined in Assumption 3, improvement in

the efficiency of FACE compared to the target only estimator is guaranteed.

Assumption 3 For a nonempty set S "C S, one of the following holds

(a) (i) Correct OR: the OR model is consistently estimated:

sup sup Z E(Y| 4= ﬂ7X = X7R = /et) - mkt(ﬂ’X;ﬁa,k,)‘ = OP (]\Fl/2> 3
a=0.1||x[|oo <M p, T

(i) Consistent weighting: the PS and density ratio models are consistently estimated:

sup  sup Z IP(Ad=a|X=x,R=k)— m,(a,x;2)
a=0,1 |[xlloc <My c 5

3PP

k€T k€S’

= =k, A
;ig — k,; ~ Ok (%5 74,1,)

P(R =k | X _OP(M )

(b) Informative source: Let & = (y(X)7, 0], 05)" be the combined influence function for broadcast

estimators. Forallk, € S’

Z+f7~ fT I(R:kf) T T T\
| BTy PRET T 2 BR=g) VI A Wi [RET || 2

The two model consistency conditions in Assumption 3(a) ensure the consistency of the doubly ro-
bust estimator A ;. Assumption 3(b) characterizes the informativeness of a source site £, such that

the updated direction <57-’ ko — 3777> is correlated with the initial 27—77. The covariance in the con-

dition is likely to be negative with the opposite sign of &

Proposition 1 Under the conditions of Theorem 1, the asymprotic variance of A pack s no larger than
that of A1 . Moreover, if Assumption 3 holds, the asymptotic variance of AT pacg s strictly smaller

than that of 37—77—.
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Proposition 1 offers a guarantee on the relative efficiency in general settings. As the exact efficiency
gain may take different forms under general settings, we showcase the efficiency gain with a clear inter-
pretation under a simple ideal setting. When models are correctly specified, we have an explicit form

for the oracle optimal combination 7 and the improvement in estimation efficiency for the TATE.

Assumption 4 The PS, OR, and density ratio models are consistently estimated at \/ N rate:

K
sup  sup Z IP(Ad=a|X=x,R=k) — m(a,x;a;)|
a=0,1 ||x[|loo <M p—y

+ Z ‘E(Y! A=a,X=x,R=k)— mkl(ﬂ7x;ﬂﬂ7kt)

k€T
P(R =% | X =x)P(R =k, . B 12

22 BR=k | X= PR =) “47e)| = O (32).

k€T k€S

Proposition 2 Suppose T = {1} and S = {2}. Denote
V?%’L = Var{(_l)l_A (A,X,‘g ) — At ‘ R = 1} )
_1)1*14 _
V7 = Var [W(A,X;o_cl) {Y—=m(4,X;8,)} |R= 1] ,
Vi = Var |w15(X;7 )ﬂ{Y—m(A X:B)} | R= (2.12)

S 1,2 7}/172 W(A,X,&?z) » X P, . .

Under Assumptions 1-4, the optimal combination asymptotically approaches

ngizr
nsVi +nrVe

3!

The efficiency of EACE relative to the initial TATE estimator is

4
1+ s .
V,%?V%— +nr (V,Zn + V%-) Vé/ﬂg
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Resulting from independence under the ideal setting, the weights {1 — 7,7} coincide with the in-
verse variance weights for {5711,/5712}. According to Proposition 2, the relative efficiency of FACE is
monotone increasing in ns/V. When ns increases, the relative efficiency approaches 1 + V4 /VZ.
In that case, the asymptotic variance of FACE approaches V2, /P(R € T), the asymptotic variance of
M 7. Under the ideal setting, the two components in the initial TATE estimator, outcome regression
My and augmentation Efr,fr, are independent. The FACE estimator includes the source site data to

improve the augmentation component, leading to a reduction in its asymptotic variance.

2.5  SIMULATION STUDIES

We study the finite sample performance of the FACE estimator and make comparisons with an es-
timator that leverages target data only and a sample-size adjusted estimator that does not adaptively
weight different sites. In the simulation studies, we take the target population to be a single site. We
examine the empirical bias, empirical standard error (ESE), average of the estimated standard error
(ASE), and coverage probability (CP) of the 95% CI over 1, 000 simulations. We vary the number of
source sites K € {5,10,50}, the true OR, PS, and density ratio models, and the number of source

sites with correctly specified models.

2.5.1 DATA GENERATION

To allow for heterogeneity in the covariate distribution between sites, the covariates in each site Xy, are
generated from a skewed normal distribution, X, ~ SN (x; x,, gpip, Vi), where k = 1,.... ]+ K
indexes the sites and p = 1, ...,10 indexes the ten covariates, xy, is the location parameter, Pir is
the scale parameter, and vy, is the skewness parameter. For all sites, we let x;. € (0.10,0.15) and
@,. = (1,...,1). For the target site, we set 7. = 0. For the source sites, we let .. € {—0.25,0.25}.

Under these settings, the exponential tilt model provides a good approximation quality for projecting
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the source site covariate distribution to the target site. We fix the sample size in the target site and
source sites to be 7y, = n;, = 200.

The true potential outcomes are generated as

Yila) = [(Xe — )", (XP)IBLBL)T +30a=1) + 1, ex~N(0,1), a=0,1,

where Xzz denotes X, squared element-wise, 4;;, = (0.4,..,1.2), and §,; = (0.4,..,1.2) with
equally-spaced increments for a length 10.

The true PS model is generated as

Ay | X = x ~ Bernoulli(7), 7 = expit(Xpay + X2aa),

where for the target site, a;; = (0.4, ..., —0.4), with equally-spaced decrements for a length 10 and
21 = 0. For the source sites, 2y, = (0.5, ..., —0.5), with equally-spaced decrements for a length 10
and ey, = 0. For all sites, we fit linear regression models for the OR and logistic regression models

for the PS, where we only include the linear terms of the covariates Xj.

2.5.2  SIMULATION SETTINGS

Since the specified OR and PS models do not include the quadratic terms, we consider a correct OR
by setting 8,, = f,, = 0; a correct PS by setting 5, = 0; a mis-specified OR by setting 5, =
(0.2, ..,0.4) and a mis-specified PS by setting 25, = (0.12, ..., —0.12).

We consider the following settings. In Setting 1, we examine the scenario where both the OR and
PS models are correctly specified for all sites. In Setting 2, we mis-specify the OR while keeping the
PS correctly specified for all sites. In Setting 3, we mis-specify the PS and correctly specify the OR for

all sites. In Setting 4, the OR and PS models are mis-specified for half of the source sites. To examine
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the effect of increasing the number of mis-specified source sites, in Setting s, the OR and PS models
are mis-specified in all of the source sites.

In each setting, we choose the tuning parameter A by the distributed cross validation procedure
described in Section 2.3.4 from {0,107%,1073,1072,0.1,0.25,0.5,1,2, 5,10}, where we split the

simulated datasets in each site into two equally sized training and validation datasets.

2.5.3 SIMULATION RESULTS

In Table 2.1, we summarize the bias, ESE, ASE, and CP of the 95% CI of a target-only estimator
(Target), a sample-size weighted estimator (SS), and FACE over 1, 000 simulations across Settings 1-5.
The results show that FACE performs well in all settings, with minimal bias, substantially reduced
variance compared to the Target estimator, and nominal coverage. The SS estimator performs well in
Settings 1-3 where each source site estimator is consistent, but performs poorly in Settings 4-5 when
some or all of the source sites are biased for the TATE. On the other hand, FACE is able to data-
adaptively drop source sites that display large bias. Even in Setting s, when the OR and PS models
are mis-specified in all of the source sites, FACE displays only minimal bias even when K = 50 and
close to nominal coverage. Given that the sample size in each site is 7y, = 7, = 200, K = 50isa
relatively large number of sites. Our theory requires X to be fixed, so bias can be introduced when K
is large since the difference between the estimated and optimal weights grows with K. However, such
bias reduces if we increase the sample size, which has been validated in an additional simulation with

sample size increasing to 400.

Further, as displayed in Figure 2.1, FACE shows decreasing variance as the number of source sites K
increases, showing the potential benefit of leveraging additional source sites. The precision gain holds

across different model mis-specification scenarios (Settings 1-4).
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Table 2.1: Bias, Empirical Standard Error (ESE), Average of the Estimated Standard Error (ASE), and Coverage Probability
(CP) of the 95% CI of estimators over 1, 000 simulations in four model specification settings.

[ Number of Source Sites
| K=>5 K=10 K =50
| Bias ESE ASE CP | Bias ESE ASE CP | Bias ESE ASE CP |

Setting 1
Target | -0.or 079 079 0.95 | co0o 078 079 096 | -002 077 079 0.95
SS 0.0§ 0.54 0.55 0.95 | 0.0I 0.40 0.40 0.95 | 0.0I 0.29 0.29 0.95
FACE 0.01 0.56 0.54 0.95 | 005 0.50 0.48 0.96 | 0.05 0.45 0.44 0.96
Setting 2
Target | -0.02 079 0.80 0.96| o002 082 081 095 0.00 0.80 0.81 0.96
SS -0.05 0.55 0.56 0.95 | 0.0I 0.40 0.40 0.95 | 0.0I 0.29 0.30 0.95
FACE 0.01 0.58 0.58 0.96 | 006 o0.51 0.49 0.96 | 0.06 046 0.44 0.95
Setting 3
Target -0.04 078 078 0.94 | -0.03 078 0.79 0.95 | -0.03 o0.80 0.79 0.95
SS -0.08 0.58 0.58 0.95 | -0.02 0.42 0.42 0.96 | -0.02 0.31 0.31 0.94
FACE 0.00 0.56 0.56 0.95 | 001 0.50 0.50 0.96| 002 046 0.44 0.95
Setting 4
Target | -0.04 0.79 0.81 0.95 000 081 081 0.96 | oo1r 081 0.81 0.96
SS 0.76 0.22 022 o0.15 | 085 0.15 0.14 0.07 | 087 o0.I1 0.IT 0.00
FACE 0.0 0.60 0.59 0.96 | 005 0.52 0.5I 096 | 0.06 048 0.45 0.96
Setting s
Target -0.03 0.79 0.80 0.95 0.01 o0.80 0.80 0.95 | -0.o1 0.81 0.81 0.96
SS 082 0.37 0.36 o0.18 0.94 0.24 0.24 0.0§ 0.98 0.18 o0.19 o.0I

FACE 0.05 0.72 073 0.94 | 006 0.65 0.65 0.92 | 009 0.59 0.57 0.91
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Figure 2.1: Simulated FACE estimates of the TATE across 1,000 simulations in Settings 1-4 with K = 0,5, 10, 50.
K = 0 corresponds to the Target only estimator. Blue dots (lines) are means (95% Cls). The dotted black line is the true
TATE of 3.
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2.6 COMPARATIVE EFFECTIVENESS OF COVID-19 VACCINES

To illustrate FACE, we study the comparative effectiveness of BN T 162b2 (Pfizer) versus mRNA-1273
(Moderna) for the prevention of COVID-19 outcomes in five VA sites. It is of interest to understand
the real world effectiveness of these vaccines, but head-to-head comparisons have been rare. A recent
emulated target trial using the EHRs of US veterans showed that the 24-week risk of COVID-19 out-
comes was low for patients who received either vaccine, but lower for veterans assigned to Moderna
compared to Pfizer?S. Utilizing FACE, we examine the TATE in a federated data setting where the
target population of interest is one of five sites (North Atlantic, Southwest, Midwest, Continental, or
Pacific) in the VA healthcare system. Our problem is more challenging than that of ** or7# due to the
federated data setting and the different target populations of interest that we are able to study.
Inclusion criteria included veteran status, at least 18 years of age by January 1, 2021, no previously
documented COVID-19 infection, no previous COVID-19 vaccination, and documented two-dose
COVID-19 vaccination with either Pfizer or Moderna between January 1 and March 24, 2021. For
each eligible veteran, follow-up began on the day that the second dose of vaccine was received (baseline)
and ended on the day of death, 120 or 180 days after baseline, or the end of the study time period
(September 2.4, 2021). The outcomes of interest were documented SARS-CoV-2 infection either 120
or 180 days after baseline and death with COVID-19 infection either 120 or 180 days after baseline.
Among the 608, 359 eligible veterans, 293,137 (48.2%) received Pfizer and 315,222 (51.8%) re-
ceived Moderna. Baseline characteristics among the two groups were similar within site. Across sites,
there was heterogeneity in race (a larger proportion of Asians in the Pacific), and ethnicity (a larger
Hispanic population in the Southwest and Pacific). Baseline characteristics in each of the five sites
is summarized in Supplementary Tables 1 and 2. All models were adjusted for age, sex, race, eth-
nicity, residence, and important comorbidities: chronic lung disease (including asthma, bronchitis,

and chronic obstructive pulmonary disease), cardiovascular disease (including acute myocardial in-
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farction, cardiomyopathy, coronary heart disease, heart failure, and peripheral vascular disease), hy-
pertension, type 2 diabetes, chronic kidney disease, autoimmune diseases (including HIV infection,
rheumatoid arthritis, etc.), and obesity (defined as body mass index of 30 or greater).

The raw event rates for documented COVID-19 infection within 180 days of receiving the second
dose for Pfizer (Moderna) in the five sites were 2.8 1% (1.93%) in the North Atlantic, 3.58% (3.23%) in
the Southwest, 2.25% (2.08%) in the Midwest, 2.97% (2.36%) in the Continental, and 2.80% (1.43%)
in the Pacific. The raw event rates for death with COVID-19 infection within 180 days of receiving
the second dose for Pfizer (Moderna) were 0.37% (0.06%) in the North Atlantic, 0.36% (0.23%) in the
Southwest, 0.18% (0.21%) in the Midwest, 0.21% (0.26%) in the Continental, and 0.11% (0.09%) in
the Pacific.

Figure 2.2 shows the TATE estimates for the four outcomes of interest: (a) 120-day COVID-19
infection, (b) 180-day COVID-19 infection, (c) 120-day death with COVID-19 infection, and (d)
180-day death with COVID-19 infection. For each outcome, the target population is taken to be one
of the five sites. Three estimators are compared along with their 95% confidence interval: (i) a dou-
bly robust estimator that only uses target site data (Target Only), (ii) a sample-size weighted estimator
that leverages each site where 7, is taken to be 4, /N (SS), £ = 1, ..., 5, and (iii) the FACE estimator.
Our results indicate that the FACE estimator tracks the Target Only estimator more closely compared
to the SS estimator. Compared to the Target Only estimator, the FACE estimator has substantially
tighter confidence intervals, resulting in qualitatively different conclusions in certain cases, e.g., 180-
day COVID-19 infection in the Continental site, 120-day death with COVID-19 infection in the
Southwest site, and 180-day death with COVID-19 infection in the Midwest, North Atlantic, and
Southwest sites. Using FACE, our results show that veterans who received Moderna had an approxi-
mately 1% lower rate of 180-day COVID-19 infection compared to Pfizer, and this difference appeared

consistent across sites.
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Figure 2.2: TATE estimates for the comparative effectiveness of Moderna vs. Pfizer vaccines for four outcomes.
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Figure 2.3 visualizes the efficiency gain in using FACE compared to the Target Only estimator. For

each of the four outcomes of interest, FACE meaningfully reduces the standard error of the TATE

estimate for each target site, with the percentage reduction ranging from 25.5% to 67.1%.
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Figure 2.3: Gain in efficiency for TATE estimate using FACE vs Target Only estimator. For each site, the percent reduc-

tion in SE is calculated for each of the four outcomes.

2.7 DIiscussioN

In this paper, we have developed FACE to leverage heterogeneous data from multiple study sites to

more precisely estimate treatment effects for a target population of interest. FACE accounts for het-
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erogeneity in the distribution of covariates through a density ratio weighting approach and protects
against distributional heterogeneity and model mis-specification of the source sites through an adap-
tive integration strategy. It improves upon the precision of the target-population only estimator by
leveraging source population information without inducing bias. FACE is privacy-preserving and
communication-efficient, requiring only one round communication of aggregated summary statis-
tics between sites. In addition to providing theoretical double robustness and efficiency guarantees,
FACE does not rely on prior knowledge of model stability or correct model specification, which is
a substantial improvement on current federated methods for causal inference *°. We also obtained
promising results from a real world analysis of COVID-19 outcomes for veterans assigned to either
Pfizer or Moderna vaccines among five federated VA sites.

FACE can easily be generalized to the setting where some sites have RCT data. In such a setting,
one could define the target population as the set of trial participants. When the RCT data is treated
as the anchoring site, the target site PS model is known, so the target site estimator for the TATE is
consistent, and the global adaptive estimator is likely to be more reliable. Our FACE framework can
thus be viewed as a contribution to recent work on using observational studies to reduce the variance
associated with treatment effect estimates from experimental studies’. For greater generalizability,
participants for whom there is only observational data can be taken to be the target population. FACE
can also be adapted to target different causal parameters of interest, such as the average treatment effect
of the treated (ATT).

Future work may consider focusing on developing methods for estimands defined by subpopu-
lations of interest. For example, the conditional average treatment effect (CATE) is an important
estimand of real world interest, particularly for understanding benefits and dangers of treatments for

underrepresented groups and fairness research.
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SUPPLEMENTARY MATERIALS

The Supplementary Materials are divided into four sections. In Section B.1, we illustrate the work-
flow of FACE to construct a global estimator in a federated data setting. In Section B.2, we provide
a mild set of sufficient conditions for the necessary regularity conditions to hold in the special case
with logistic regression models for the nuisance functions. In Section B.3, we provide proofs for the
theoretical results in Section 4 of the main paper. In Section B.4, we provide supplementary tables

corresponding to the real data analysis.
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Robust and Optimal Sensitivity Analyses

(ROSA) of Clinical Trial Designs

3.1 INTRODUCTION

Clinical trial designs are becoming increasingly complex to meet the multifaceted needs and goals of

precision medicine. Examples of complex designs include adaptive seamless phase i/ii designs for eval-
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uating, early in the treatment development process, the dosing, safety, and activity of new drugs®*.
Also, adaptive randomized trials with frequent interim looks at the data can evaluate one or more
therapies simultaneously while attempting to minimize trial duration and resources* 1612 - Additional
examples of complex designs have been implemented in biomarker-stratified trials to evaluate the ef-
ficacy of a therapy and possible variations of treatment effects across patient subgroups”®.

When planning a new trial, it is necessary to predict and evaluate several operating characteristics.
Relevant operating characteristics can include the likelihood of selecting an effective dose with low
toxicity in a phase i/ii study, the probability of detecting treatment effects in a randomized study, the
expected trial duration, costs, and other metrics to evaluate designs that often enroll patients from
different subgroups. Multiple operating characteristics typically need to be examined jointly in order
to evaluate the relevant trade-offs achieved by candidate designs, such as balancing the accuracy in
estimating treatment effects and the expected study duration.

The obvious challenge for evaluating a candidate design is that the vector of operating characteris-
tics of the study design is not known and it is difficult to estimate before the onset of the trial. Indeed,
the operating characteristics are usually a function of a vector of unknown parameters that identify
the distribution of all relevant variables to be captured during the trial. For example, unknown pa-
rameters can include the enrollment and drop-out rates, the magnitude of treatment effects, and the
prevalence of predictive biomarkers in the trial population. Uncertainty on these parameters makes it
non-trivial to evaluate whether a candidate design is appropriate for implementing the new study.

Sensitivity analyses are commonly used to account for uncertainty on unknown parameters and
operating characteristics when evaluating a candidate design. They typically proceed in three steps.
First, a set of plausible scenarios, i.e., specific values of the vector of unknown parameters, is selected.
Next, the corresponding operating characteristics are computed using trial simulations or analytic
results. Finally, based on the computed operating characteristics and their variations across the set of

scenarios, the investigators evaluate whether the candidate design is appropriate to achieve the aims of
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the study. Throughout the manuscript, we use the terms sensitivity analysis or simulation report to
indicate a set of scenarios and the associated operating characteristics which are computed to illustrate
how the operating characteristics vary across plausible values of unknown parameters.

Producing a simulation report to effectively evaluate a study design has been recommended as one
of the key supporting documents for interacting with the FDA7%37. However, it can be difficult to
select the set of unknown parameters, especially if the dimension of the vector of unknown parame-
ters is moderate to high (say > 5). For the investigators, it might be unclear if the selected scenarios
are adequate to illustrate the variations of the operating characteristics across potential values of the
unknown parameters. Similarly, for regulators, there may be skepticism as to whether the selected
scenarios are chosen to highlight positive aspects of the trial design without pointing at its limitations
and negative aspects“’. Another subtle challenge is the choice of the number of scenarios. Indeed, a
large number of scenarios (say 100) may simplify the task of representing how the operating charac-
teristics vary across potential values of the unknown parameters, but a simulation report that contains
too many scenarios makes it difficult to interpret and communicate the included results.

We propose a method to choose an optimal set of scenarios for a simulation report that will provide
relevant operating characteristics. This decision is based on a utility criterion, which formalizes the
ability of any set of scenarios to represent the map between the unknown parameters and the operat-
ing characteristics. In some cases, we will consider a restriction of the unknown parameter space to
focus only on regions of higher uncertainty or plausible values of the unknown parameters. The util-
ity criterion assigns high (low) utility to a set of scenarios if the table of potential unknown parameters
and operating characteristics is an accurate (inaccurate) summary of how the design’s operating char-
acteristics vary across the considered parameter space. We call the set of scenarios that maximizes the
utility criterion the Representative and Optimal Sensitivity Analysis (ROSA) scenarios. To select the
ROSA scenarios, we introduce a computational procedure that leverages (i) flexible regression meth-

ods like neural networks (NNs)#' and (ii) optimization algorithms like simulated annealing'°. Our
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approach is applicable to any trial design, regardless of the number of unknown parameters and the
number of operating characteristics.

To illustrate the method, we conduct sensitivity analyses for three trial designs. The first is a two-
arm randomized design that aims to test and estimate the effects of an experimental treatment com-
pared to the standard of care (SOC). The second is a multi-stage randomized trial that leverages an
auxiliary/intermediate/surrogate outcome S measured shortly after randomization for interim deci-
sions and a primary outcome ¥ with a longer ascertainment time *#. The third is a biomarker-adaptive
enrichment design similar to the design of the TAPPAS trial 78, arandomized phase iii trial comparing
TRC1os and pazopanib versus pazopanib alone in patients with advanced angiosarcoma ®>°+. In the
first design, we consider a single unknown parameter and a single operating characteristic, whereas the

latter two designs consider multiple unknown parameters and multiple operating characteristics.

3.2 SELECTING SENSITIVITY SCENARIOS

3.2.1 NOTATION AND PROBLEM SET-UP

We introduce our procedure to select K sensitivity scenarios &y, ..., fx € ©, where © is the set of
potential values of the unknown parameters §. We assume that @ is a bounded subset of R? and
use the notation || - ||, to indicate the Euclidean norm on R¥. We will restrict © to a subset ®' when

there is sufficient prior information from completed studies or clinical experience. We identify ROSA

scenarios &} , ..., O as the scenarios that maximize a utility criterion U
sy O = argmaxehm’&KU(ﬁl,...,(91(), (3.1)
where
(680 = = { min, DIFE), 0] | (32)
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We can symmetrically define the corresponding loss function £ = —U by inverting the sign in equa-
tion (3.2). Here, D[f(¢), f(6;)] is a metric between the operating characteristics f(§') = (A(£), ... fz(¢))
and £(0;) = (fi(Gk, ) - - -, /r(O%)). We will consider metrics of the form

R
DIf(&),£(8)] = D _ wl[f(8) = £:(60)]2,
r=1
where wy, . . ., wg are non-negative weights that sum to one. The weights can be user-specified to cal-

ibrate the relative importance of different operating characteristics. Setting the weights to 1/ R results
in equal weighting for each operating characteristic.

We can now provide an explicit interpretation of the utility function ¢/ in equation (3.2). Consider
a set of scenarios {4, ..., 9k} — the order of the entries is not relevant — and an arbitrary scenario &
in ©. For1 < k < K, the metric D[f(¢), f(6;)] is a summary of the differences between the oper-
ating characteristics at & and the same operating characteristics when we consider the k-th scenario
6. Therefore, ming_; g D[f(¢),£(6;)] can be viewed as an approximation error between f(¢') and
a similar vector of operating characteristics selected among our K options f(4,), ..., f(fk). Expres-
sion (3.2) identifies through the maximization operator the worst-case (with highest approximation
error) that we can obtain by varying ¢ in ®. We maximize the utility function U and use &}, ..., f to
indicate the ROSA scenarios. Alternative utility criteria and loss functions are described later in the

manuscript.

3.2.2 AN EXAMPLE WITH A GEOMETRIC INTERPRETATION

To provide a geometric interpretation of the utility criterion I/, we illustrate how one set of K scenarios
can be preferable to a different set of K scenarios (Figure 3.1). Specifically, suppose we aim to design a
single-arm trial with an interim analysis that allows for early-stopping for futility. The goal of the trial is

to compare the response rate of an experimental drug &, with that of the SOC 6 at the end of the study.
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However, because study patients only receive the experimental drug, the response rate under the SOC
& is estimated (@0) before the onset of the study, for example using data from a previous trial. At the
interim analysis, the trial may stop for futility if the preliminary evidence of positive treatment effects
A jnerim is insufficient to continue the study. During the final analysis, the null hypothesis Hp : 6 <
g() (the experimental therapy is not superior to the historical control) is tested against the alternative
hypothesis /H; : ¢; > 8o (the experimental therapy is superior to the historical control). In this design,
6 = (6, 6:) are the unknown parameters, and © = [0, 1]%. Suppose that there are two operating
characteristics of interest: (i) /1, the probability of a true positive result when the experimental drug has
beneficial effects compared to the SOC (f; is equal to zero if the treatment effects are null or negative)
and (ii) /2, the expected sample size.

The left panel of Figure 3.1 is a representation of ©. We are interested in the two operating charac-
teristics of the single-arm design. Two sets of K = 6 scenarios are proposed. The first set of scenarios
{61, ..., 85} (blue points) is chosen by varying both unknown parameters at the same time, while the
second set {67, ..., 82} (red points) is chosen by varying only 6 while fixing the value of §;. The two
sets of scenarios, the corresponding operating characteristics, and associated loss £ = —U are rep-
resented in the right panel of Figure 3.1. The first set of scenarios (blue points) is preferred over the
second set (red points) because it is more representative of the variation of the operating characteristics
over ©. Geometrically, the loss £(8], ..., 6) associated with the blue points is identical to the mini-
mum radius of the circles with centers f(6}), ..., f(6%) (see Figure 3.1) necessary to cover the operating

characteristics surface f(®).

3.2.3 ESTIMATING THE OPERATING CHARACTERISTICS

We describe an algorithm to numerically approximate the operating characteristics (&) for every § €
©. This is necessary to solve the optimization problem in equation (3.2). Indeed, in most cases the

function f(#) cannot be computed in closed form.
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Figure 3.1: Geometric representation of an arbitrary scenario ¢ and two proposed sets of scenarios. (Left) Parameter
space ® = [0, 1]2 with arbitrary scenario & and two sets of proposed scenarios {9}, ey ﬁé} (blue
points) and {6’%, e 5%} (red points). (Right) Operating characteristic surface f(©) with the corresponding operating
characteristics for @ and the two proposed sets of scenarios. The radius of the dotted circles (with blue points as cen-
ters) is the value of the loss £ associated with the blue points. ROSA scenarios minimize the loss £, which in turn is
equal to the radius of the dotted circles that cover the operating characteristic surface f(@).

We briefly outline our four-step procedure. In the first step, we choose a large number / (say / =
1000) of training scenarios 4, ..., . In the second step, we use Monte Carlo simulations to obtain
estimates £(&), ..., f(6)) of £(6]), ..., f(¢)). In the third step, we train a flexible regression model — we
use NN in our implementation - based on the data points (&}, £(¢])), ..., (6}, (¢))). The output of

this step is a regression function f(¢) that is easy to compute at any ¢ € © and that approximates

£(6). In the fourth step, we validate the regression model based on /' (say / = 200) independent

simulations (7, £(6})), ..., (6, £(8;)). Steps 1-3 of this procedure are summarized in Algorithm 1.
Step 4 is described in Algorithm 2.

In more detail, in step 1, to select the training scenarios &, ..., (9}, we randomly select / scenarios
in © using Latin hypercube sampling (LHS)”7. LHS generates / scenarios by first partitioning the 4
unknown parameter dimensions into / non-overlapping intervals and selecting one value from each
interval at random. The /values obtained for the first unknown parameter ¢, are randomly paired with
the / values obtained for the second &5, and so on, for all 4 unknown parameters to form / d-tuples,

which constitute the training scenarios &, ..., &. In practice, users may ascribe greater weight to dif-
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ferent partitions of the grid, and extensions of standard LHS can accommodate these implementation
choices 7.

In step 2, we estimate the operating characteristics of the trial design. For simplicity, we consider
operating characteristics defined as expected values (e.g., bias, power, duration of the trial, etc.), but
the algorithm can be easily modified to consider other operating characteristics. Specifically, we as-
sume that f(0) = Ey[#(Z, 6)] for some function ¢, where the random vector Z represents the data
generated during the trial - including the collection of treatment assignment indicators and realized
patient outcomes — under scenario 6. For example, ¢ can be the indicator that captures if a null hy-
pothesis of interest has been correctly rejected at the end of the study, or the duration of the simulated
trial. In practice, to estimate f(8), we proceed as follows. First, for each of the training scenarios 5;

1 <j < J, wesimulate M (say M = 200) clinical trials following the trial design. We then use the A/

scenario-specific simulated trials to compute the estimate
£8)=M"Y $(Zm,8), 1<j<],

where Z; ,, is the m™ trial dataset simulated under the jﬂ” training scenario 9;

In step 3, we have only two inputs, the scenarios & and the estimates £f(#),1 < 7 < J, to fit a func-
P3 y p j i J

tion f(6). For example, one could use NN, splines #, or Gaussian processes**. We use NN regression

functions in our applications because these are easy to compute using widely available software and

have been demonstrated to have good empirical performance 69555541

In step 4 (Algorithm 2), we investigate the differences betweenj“and 1. Specifically, we first select at
random /' validation scenarios &, ..., 8 independently with respect to previous computations (step

1-3) and simulate A1 trials (say M4’ = 500) for each 6}‘»’/, 1 <j <. Based on the results of the simu-
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Algorithm 2: Obtaining a functionfthat approximates the operating character-
istic function f

1« Input: Trial design, Parameter space ©, /, M

» Step 1: Select/scenarios 8, ..., 6, € ©

3 Step 2: forj =110/ do
4 Simulate M trials

5 Obtain approximate operating characteristicsﬂ@‘-) =M $(Z, g),
where ¢ is a function of Z; ,, the m" trial dataset simulated under the fh
scenario, and the corresponding parameter &;

¢ end

7 Step 3: Obtain an approximation of the operating characteristicsfby training a

regression algorithm, for example a NN model, and using the data points

(G.AG))1<j<]
Output: Function f(6)

=)

lated trials, for each 7/, we then compute Monte Carlo estimates F(ﬁj”,) =M1 2{%:1 #(Zy ' 0y) of
the operating characteristics f(; ). For several important operating characteristics (e.g., average sam-
. . . T _ 7—1 M/ .
ple size, expected duration, power, type 1 error), the estimator f(é}”,) =My (s 6]”,) is
unbiased. Finally, we compare the estimatesﬂ@’/) and the independent estimates f(é}”,) We use sum-
mary statistics and graphs to evaluate the differences f{%;) — A8} ). If the approximation f{%;) is not

adequate, we can use a different regression methodology, increase the number (A, M) of trials, or

increase the number / of training scenarios in Algorithm 1.

3.2.4 APPROXIMATING THE LOSS FUNCTION

After computingf(Algorithm 1) and validating its accuracy (Algorithm 2)), we use it to approximate

the loss function £(8, ..., k). To proceed, we choose a diffuse and finite subset of the parameter
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Algorithm 3: Validating the approximation of the operating characteristicsf

« Input: Approximation of the operating characteristicsj”, Trial design, /
» Randomly select /' scenarios &, ..., ¢, € © independently from previous

computations (Algorithm 1)
for/ =1t] do

W

4 Simulate M’ trials Z;

o | Computefig) = MM §(Zy . 8)
6 Compute f15;)

7 end

o«

Output: Set of diﬁ“erences}(@’i) —]“((9]”,) and scatterplots to jointly visualize the
operating characteristic estimatesﬂé}’f,) and the independent estimatesj“(@i),
1 <; <J. Compute summaries of the differences (e.g., median, range, or other
descriptive statistics).
o Interpretation: Differences betweenﬂﬁ}) and the independent estimates}“(@@),
1 <; <[, consistently close to zero provide evidence thatfis an accurate
approximation of f

space ®F C ©. For example © can include 100,000 random points from a distribution with support
©. When ©F contains a large number of random points that are distributed over ®, under minimal
assumptions (e.g., compact ® and operating characteristics with bounded range),

E(ﬁl,...,ﬁK):max{ min D[f(ﬁ),f(e/e)]}

60 | k=1,...K

N

~ max { min D[]‘(&'),}(é’k)]} = L6, ..., 0).

gcof L k=1,....K

To summarize, we can approximate the loss function £(8}, ..., fx) over the entire parameter space ©

by L(by, ..., 0) using a diffuse and finite subset ©.
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3.2.5 OPTIMIZATION BY SIMULATED ANNEALING

We now aim to approximately minimize the loss function £. To illustrate the need for approximate
solutions, consider the setting of a single unknown parameter (d = 1), a finite ©, and an easy-to-
compute loss function £. Even in this simple setting, identifying 67, ..., fx € © can be challenging.
For example, to select K = 10 representative scenarios &, ..., & from 1000 points {g;;1 < ; <
1000} = O, the loss function £ would need to be calculated for 2.63 x 10?3 different possible sets
{6, ..., 0x}. In what follows, we describe the use of simulated annealing (Algorithm 3), a simple
strategy to reduce the outlined computational burden, regardless if © is finite or not 67,10,110_

The simulated annealing algorithm proceeds as follows. First, initial scenarios 4], ..., 6 are pro-
posed, for example by sampling &, ..., 6% from a probability distribution with support ©. Then,
iteratively for 1 < 7 < 1, the current scenarios 5{, e 511'( are perturbed by adding to them Gaussian
noise variables 2], ..., 2%, thus obtaining new proposed scenarios @], ..., d (this step is represented by
the “Perturb” operator in Algorithm 3). At each iteration, the proposed scenarios 8], ..., & can either
be accepted (i.e., [, ..., &8 = [6], ..., 6]) or rejected (ie., [A1, ..., 6] < [&, ..., 8¢]). The
acceptance or rejection of the proposed scenarios is stochastic, with probability . (defined below),
which is a function of £(8}, ..., 8) and L(€,, ..., 6%).

The acceptance probability p, is equal to 1 when L(8,....00) < L(&,...,6). Thatis, if the

proposed scenarios decrease the current loss value, then the proposed scenarios are accepted. If instead

L8, ..., 0) > L8], ..., 8%), then p, is

_ (ﬁ(&i,,&@—ﬁ(&i,,&k))
Pi = &Xp )

=

where 77, 0 < 7 < I, is a decreasing sequence of positive real numbers often called the “cooling

schedule” of the algorithm. A common cooling schedule is 7; = T} - !, where T} is a constant and
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re (0,1)isa multiplicative contraction, but other forms are possible **°. In our applications, we use
a piecewise-constant cooling schedule 5.

After simulating the outlined Markov Chain for a fixed number 7 of iterations, the final set of sce-
narios {8, ..., 651} approximately minimizes the loss function L. In our ROSA implementa-
tion, we use multiple independent replicates of Algorithm 3, with different initial scenarios 9}, e B
to investigate convergence of the Markov chain. Intuitively, if the independent chains converge, then

the corresponding loss values of the approximate optima £(8/ 1!, ..., 841 should be nearly identical.

Algorithm 4: Pseudocode for simulated annealing to obtain ROSA scenarios

¢ Initialize the values of 4}, ..., 6, e.g., by sampling from a distribution over ®
> Best proposal < 8, ..., 6,
3 fori =1t Ido

4 New proposal 4, ..., 8 <+ Perturb(4, ..., &)

5 if £(6,....6,) < L(E,..,6,) then

6 ‘ Deﬁmeé}‘f+1 zﬁjl.foreveryjzl,...,](;

- else

8 Compute the acceptance probability

£y =exp (1£8 - 8) = £(8, .., 61/ T:)

9 Sample U; ~ Uniform(0, 1)

10 If U; < p,, define 6;“ = ¢9J'-for everyj =1,...,K;
1 Otherwise 6}&1 = @{for everyj =1,..., K.
2 end

13 Output: 811 G £(6F . 44

3.3 APPLICATIONS: SENSITIVITY ANALYSES OF THREE TRIAL DESIGNS

We illustrate the ROSA approach by performing sensitivity analyses for three designs of different

complexity levels. In each example, we describe the design of the trial, the unknown parameters,
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and the operating characteristics of interest. By illustrating the ROSA methodology in three trial
designs, we show its flexibility with potential applications to evaluate nearly any clinical trial design.
Indeed, ROSA only requires the possibility of simulating the trials under potential unknown param-

eters § € © = R? and the definition of the operating characteristics of interest.

3.3.1 APPLICATION 1: Two-ARM RCT

In the first example, we will only consider a single unknown parameter (i.e., ¢ € R) and a single op-
erating characteristic /{#) that can be computed analytically. In this case, the optimal set of scenarios
{6}, ..., 0%} can be computed exactly, without resorting to approximation methods. This simple and
stylized setting is useful to highlight the similarity of the approximations and selected scenarios com-

puted by ROSA with their exact counterparts.

TRIAL DESIGN

We consider the design of a two-arm randomized trial (1:1 randomization ratio) with a sample of
n = 30 patients. Foreach7 =1, ..., %, welet 4; = 0 or 1 if the /-th study patient is assigned to the
control or experimental arm. The outcomes of the 7 study patients are Y7, . . ., ¥, which we assume
to be independent and normally distributed. If 4; = 4 then ¥; hasmean g, = 1004154 and standard
deviation oequal to 30. In the analysis of the study, a z-statistic will be used to test the null hypothesis

Hoy @ py — gy < 0 against the alternative  : g, — g, > 0 at 5% significance level.

AIM OF THE SENSITIVITY ANALYSIS

The goal of the sensitivity analysis is to assesses the variation of the probability of rejecting Hy, a func-
tion f{0) of the unknown treatment effect ¢ = u, — ¢, € ® = R. For example, if we knew that

6 =13.5, then f{f) = 0.80, but in general fis an unknown value. Suppose we aim to identify K = 3
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scenarios &7, 8, 5 that maximize the utility U/, i.e.,

0,0, 05 = argmax, 4 5 o U1, 02, 05), (3-3)

where U (61, 6>, 65) = — maxgcg ming_; 53 |[A¢) — A6

In this trial, we have a single unknown parameter (© = R), and the operating characteristic of
interest is monotone, continuous, invertible, and ranges from 0 to 1. Therefore, it is straightforward
to see that the optimal scenarios 8}, 8, 65 correspond to the operating characteristic values that evenly
divide the interval (0,1). To be precise, {16} ), 8 ),65)} = {1/6,3/6,5/6}; these are the three
values of a regular grid on the interval (0, 1). Figure 3.2A illustrates the optimal set of scenarios when
K = {3,5,10}. Since f{9) can be calculated exactly, the optimal scenarios &}, &5, &5 can be obtained

by computing the inverse function f! at the values 1/6, 3/6, and 5/6. Specifically,

o(26r) + 21—ay2) o(2R8r) + 21—0s2) (2707) T 21—a)2) }

(4.6, 6) ={ ele) R maly) 2%

where 21, , is the 1 —2/2 quantile of the standard normal distribution. The corresponding optimal

scenarios are illustrated as red asterisks in Figure 3.2B.

IMPLEMENTING AND BENCHMARKING ROSA

The exact computation of the optimal set of scenarios provides a solid benchmark for an initial eval-
uation of ROSA (Algorthms 1-3). We can compare the exact solution with the results from ROSA,
which has the advantage of being applicable to other designs and operating characteristics that are not
available in closed form.

We implement our ROSA approach to identify K = 3 scenarios. We randomly select / = 1000

scenarios &, ..., &y with independent samples from the Uniform(—S5, 25) distribution. Note that
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A—5) =~ 0and f{25) ~ 1. For each c9;, 1 <7 <1000, we simulate A = 200 trials to compute
the estimate f{8;) = 200~ S22 S(Zim, 8,), where $(Z; ,,,6;) € {0,1} either accepts or rejects
the Hy : <9]t < 0 for trial 7 and scenario j. Then, we compute a smooth functionﬂ@) using the
independent estimates /{¢;) and 2 NN with 3 hidden layers (8, 64, and 64 neurons respectively) and
ReLU activation functions. Finally, to select three sensitivity scenarios, we use a simulated annealing
algorithm based on an initial parameterization 77 = 1000, temperature reduction factor » = 0.8,
and final parameterization Tpy, = 0.1 (c.f. Algorithm 3). We repeat these three steps (selection of
scenarios, use of the NN, and optimization with simulated annealing) 20 times, each time initializ-
ing 6y, 65, 63 with independent random draws from the Uniform(—5, 25) distribution. The results
of the exact approach (red asterisks) compared with ROSA (blue points) are shown in Figure 3.2B.

The scenarios 6 , 85, 5 selected by simulated annealing (blue dots) are close to the exact solution (red

asterisks).

CHOICE OF NUMBER K OF SCENARIOS

In practice, the decision regarding the number K of scenarios to report is left to the analyst. This
choice can be supported by a graph like Figure 3.2C, which allows the investigator to determine the
minimum number K of scenarios needed to guarantee a loss £(4], ..., fx) no larger than a targeted
threshold. For example, to guarantee a loss no larger than 0.050 in this example, we need to select at
least 10 scenarios for the simulation report.

WeranROSAwithK = 2,3,4,5,6,7,8,9,10, 20, or 30, and compared the loss £ in the resulting
set of scenarios with that of the exact solution. The difference in the loss £ of the exact and approxi-
mate optima was less than 1% across all K values that we considered (Figure 3.2C). Table 3.1 indicates
that the computation time of the simulated annealing algorithm scales well as K increases and that,

as expected, the loss £ decreases as K increases. All analyses were run on a Windows laptop with an

Intel(R) Core(TM) i7-7700HQ 2.80 GHz processor, 16GB RAM, and 6MB of cache memory.
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Figure 3.2: Sensitivity analysis of a RCT (operating characteristic: probability of rejecting /). Panel A: Exact solutions
when K = {3, S, 10}. Panel B: Comparison of K = 3 scenarios selected through exact calculation (red asterisks) and
by 20 ROSA implementations with different initial proposals (blue points). Panel C: Graphical tool to choose the number
K of sensitivity scenarios.
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Number K of Scenarios  Time (seconds) ROSA Loss £ Min. Loss £ Rel. Diff.

5 8.8 0.101 0.100 1.0%
6 8.8 0.084 0.083 0.7%
7 9.1 0.072 0.071 0.8%
8 9.2 0.062 0.0625 0.7%
9 9.1 0.056 0.056 0.6%
10 9.1 0.050 0.050 0.2%
20 10.1 0.025 0.025 0.5%
30 10.2 0.017 0.0167 0.8%

Table 3.1: ROSA computation time, ROSA loss £, minimum (exact) loss £, and relative difference in loss of ROSA sce-
narios compared to the exact solutions.

3.3.2 APPLICATION 2: INTERIM DECISIONS BASED ON AUXILIARY OUTCOMES

In the second example, we consider sensitivity analyses with multiple unknown parameters and two
operating characteristics. We illustrate the use of our computational procedures, including the op-
erating characteristics approximation procedure (Algorithm 1), the validation procedure (Algorithm
2), and the simulated annealing optimization procedure (Algorithm 3). We investigate whether it is
appropriate to fix the value of some of the unknown parameters across all sensitivity scenarios. Iden-
tical values for a subset of the unknown parameters can simplify the interpretation of the sensitivity
analysis but can also introduce severe limitations in faithfully representing how the operating charac-

teristics vary across plausible values of the unknown parameters.

TRIAL DESIGN

We consider a two-arm, two-stage randomized trial with a binary primary outcome Y and a binary
auxiliary outcome § 84 The primary outcome Y'is available 7y months after randomization, while the
auxiliary outcome S'is available after 75 < Ty months. For example, in glioblastoma trials, 12-month
progression-free survival (PFS) and 24-month overall survival (OS) have been used as auxiliary and

primary outcomes, respectively*°. The approach that we illustrate is applicable for any value of Ty
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and Ty < Ty.

We let N, be the planned number of patients for arms 2 = 0,1 (i.e., control and experimental
arms) and indicate with p, the response probability (Y = 1 | 4 = a). Similarly, let , be the
planned number of patients assigned to arm « before the interim analysis, and g, indicate the response
probability P(S =1 | 4 = a). The difference A = p; — py is the treatment effect on Y. The primary

aim of the trial is to test Hy : A < Oversus A : A > 0, at level 2. The final analysis of the study

involves only the primary outcome Y, and the trial will use a standard Z-test, Zy = 7 j‘; 1(;\?14-1\2—‘ x
PU=p) N 0

where p,, is the estimate of p, and p is a weighted average of p; and py.
An interim analysis is conducted after the auxiliary outcomes S become available for 7, patients for
arms 2 = 0 and 1 (i.e.,, Ts months after the enrollment of 7, patients on arms 2 = 0 and 1), with

early-stopping for futility or continuation based on a summary of the auxiliary outcomes S. In several

clinical settings, the treatment effect on S tends to be more pronounced than the treatment effect on
1—40

§(1-3) (ny g )

of g, and 7 is a weighted average of 41 and . We replicate the design of **, which calculates at the

Y. The interim analysis is based on the summary Zg = , where g,, is the estimate
interim analysis the conditional power (CP) using the auxiliary outcome S to determine whether to
stop the trial for futility or not. Specifically, the CP is calculated based on Zg and the information
Nl—l+N0—1

- as

fraction tg = —
ny+ny

CP(ts) =1 — @ (zl‘

where 21, is the 1 — « quantile of the standard normal distribution and ®@(+) is the cumulative distri-
bution function of the standard normal distribution. Here, we set the cut-off point to be 0.5 so that

the trial continues when CP(z,) > 0.5.
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AIM OF THE SENSITIVITY ANALYSIS

The complexity of the simulation report increases with K (the number of scenarios), d (the number
of entries of the unknown parameters §), and R (the number of operating characteristics f(¢)). Here
the full set of unknown parameters ® C R” include the enrollment rate ¢ € (0, 00), the response
rates p, € (0,1) for Yin 4 = a, the response rates ¢, € (0,1) for Sin 4 = 4, and the correlation
between Yand Sind = a,p_ € (—1,1).

Controlling the complexity of the simulation report is important to ensure high interpretability
of the report, which will be discussed by several stakeholders. There are a few potential strategies to
reduce the complexity of the simulation report. First, it is often possible to consider only a subset of
the parameter space ' C © based on prior knowledge of plausible values of the unknown parame-
ters. For example, previous clinical studies can indicate a plausible range for the enrollment rate ¢, the
response rates po under the SOC, and other parameters that are expected to have minimal variations
across trials. In addition, we can also consider fixing multiple entries of the K vectors ), ..., fx to some
reference values. In this case the space from which we select scenarios &, ..., fx is further reduced to
@/, C ©'. For example, if the operating characteristics have low sensitivity with respect to the corre-
lation parameters p_ or the enrollment rate ¢ of the study, then we can fix these unknown parameters
to common values (i.e., estimates) across all K scenarios.

ROSA allows us to evaluate whether it is appropriate to assign the same value to one or more un-
known parameters (e.g., o, and p,) across all K scenarios. In other words, we evaluate a simulation
report with all scenarios in a restricted subset ®), C ©'. A simulation report with scenarios in @/,
can potentially be easier to interpret compared to a report in which all 4 entries of @ vary across sce-
narios by reducing the number of dimensions d of the unknown parameters and pointing to the most
relevant unknown parameters when discussing the variations of the operating characteristics across

©'. We can select scenarios from the restriction @/, C @’ only if the capability of the simulation
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report of representing the operating characteristics variations across O is preserved. Our case study
investigates this aspect. The operating characteristics of interest in our case study are the probability
of rejecting the null hypothesis of no treatment effect on Y at the end of the study and the average

sample size.

IMPLEMENTING AND BENCHMARKING ROSA

Using our ROSA procedure, we randomly select / = 1000 training scenarios using LHS and conduct
M = 500 Monte Carlo simulations for each of the / training scenarios to obtain estimates of the
operating characteristics across ©'. Here ©®’ is a product space with the enrollment rate ¢ € (0.2,1),
the response rates p, € (0.2,0.4) for Yin 4 = 4, the response rates g, € (0.2,0.4) for Sin 4 = a,
and the correlation between Yand Sin 4 = 4,0, € (0,0.6). For ©;,, we fix the enrollment rate
¢ = 0.5 and the response rates py = go = 0.3 in the control groups.

We use a NN to obtain an interpolation of the operating characteristics. As described in Algo-
rithm 4, to evaluate if the estimates of the operating characteristics are accurate, we compare them to
independent Monte Carlo estimates of size M = 100,000 on a set of // = 200 uniformly-distributed
validation points spanning the plausible parameter space ®’. The coefficient of determination R in
this comparison is 0.96, suggesting that the NN accurately estimates the operating characteristics.

We compare two simulation reports, and our goal is to provide stakeholders the simplified version
if it accurately describes the operating characteristics. The first one includes scenarios from ®’ C R’
restricted by prior knowledge from completed studies and clinical experience and the second includes
scenarios from @), C ©’ further restricted by fixing the value of some entries of & as described above.
We use simulated annealing to identify two sets of scenarios in @7, and @', respectively. In both cases
we minimize the same loss function £ defined over K-tuples of ®' points. We also calculate the loss

L associated with these two optimal sets of scenarios from ®' and @/,. In Figure 3.3, we illustrate the

difference in loss £ between these two optimal sets; as expected, the loss £ decreases as K increases.
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We observe in Figure 3.3 that for any value of K, the loss £ associated with the optimal set of scenarios
restricted to @, is larger compared to the optimal scenarios in ®'. However, the difference is modest,
and the gain in interpretability of a sensitivity analysis report with fewer unknown parameters may be
worth the slightly larger loss. For example, if an investigator requires the loss to be under a threshold
of L = 0.2, then it is sufficient to consider K = 10 scenarios, regardless of whether we consider

scenarios selected from @' or @/,

Method
Optimal set of scenarios in @,

0.4 Optimal set of scenarios in ©
|
g 0.319
(o]
-

0.24

0.14

5 10 15
Number of Scenarios K

Figure 3.3: Clinical trial design with an interim analysis and an auxiliary endpoint. A graphical representation to choose

the number of sensitivity scenarios K € {2, 5,10, 15}, We compare optimal sets of scenarios selected from ®" C R’
and from the lower-dimensional restriction ', C ©'.
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3.3.3 APPLICATION 3: BIOMARKER-DRIVEN ADAPTIVE ENRICHMENT

In the third example, we discuss sensitivity analyses dedicated to an adaptive trial with sub-populations
defined by biomarkers, considering multiple unknown parameters and multiple operating character-
istics of interest. As a motivating example, in several oncology trials, a major decision is whether to
restrict patient enrollment to a targeted subgroup of patients (e.g., biomarker-positive subgroup) or
to enroll a broader patient population. Enrolling only a biomarker-positive subgroup may deny a
substantial number of patients access to an effective therapy, whereas enrolling a larger population
may compromise the power to detect positive treatment effects. Several trial designs discussed in the

literature attempt to address the outlined problem through interim looks at the data.

TRIAL DESIGN

We consider an adaptive two-stage enrichment trial design with one-to-one randomization ®*¢+7,
The design is applicable in the setting where a biomarker-positive subgroup of patients is hypothesized
to benefit more from the experimental treatment than the rest of the study population. The design in-
cludes a single interim analysis, and it uses progression-free survival (PFS) for interim decision-making,
while overall survival (OS) is the endpoint for the final analysis, which occurs when a pre-specified
number of events is reached. The interim analysis uses the estimated PFS hazard ratio (HR) to cap-
ture potential early signals of treatment effects. In the implementation of ®*, which we replicate, the
HR is estimated for both the overall population (4z) and the biomarker-positive subgroup (@ER)
An interim decision determines which group is enrolled and tested during the second stage of the trial:

A — Promising results in the biomarker-positive population. If the HR estimate 9;1{ <
0.6 but éHR > 0.8, then the trial will continue enrolling only biomarker-positive patients and the
final analysis will test Hj . Here H is the null hypothesis of no differences in OS between treatment

and control groups in the biomarker-positive population. The null hypothesis is rejected if a @ ~* (1 —
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pfr) + @ @711 — p;r) < 1.96, where pfr (pzr) is a log-rank p-value computed using only OS data
from patients randomized during the first (second) stage of the trial. The weights (w1, «2) and the
standard normal cumulative distribution function @ are used to summarize evidence of treatment
effects from the two stages of the trial. We refer to®* for details on the choice of (1, w,) and other
aspects of the final analysis.

B - Promising results in the overall population only. If@;R > 0.6 but @HR < 0.8, then
the trial will continue enrolling all patients and the final analysis will only test /5, the null hypothesis
of no difterences in OS in the overall population. In this case the null hypothesis is tested using stage-
specific OS log-rank p-values (p?, p9) and combining evidence from the two stages of the trial.

C — Unpromising results. If@;R > 0.6and tA9HR > 0.8, then the trial stops early for futility.

D -Promising early results for both populations. Lastly,if theestimated HR in the biomarker-
positive subgroup @;R < 0.6 and the overall population frr < 0.8, then the trial will continue
enrolling all patients and testing efficacy both in the overall population and in the biomarker-positive
subgroup.

The potential conclusion at the final analysis are (i) to recommend the new treatment for biomarker-
positive patients, (i) recommend the new treatment for both biomarker-positive and biomarker-negative

patients, or (iii) not recommend the experimental treatment for future patients.

AIMS OF THE SENSITIVITY ANALYSIS

We focus on the following three operating characteristics: (i) /i, the probability of enrolling only
biomarker-positive patients in the second stage, (ii) /2, the probability of enrolling both biomarker-
positive and biomarker-negative patients in the second stage, and (iii) /3, the probability of no evidence
of positive treatment effects, which is equal to the probability of not rejecting the null hypotheses.
We choose plausible intervals for the unknown parameters based on prior literature. Specifically,

the recruitment rate & € (0.5,1) per week, the prevalence of the biomarker-positive subgroup ¢, €
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(0.15,0.25), the PFS HR comparing the treatment and control groups in the biomarker-positive sub-
group 63 € (0.5,1.2), the PFS HR comparing treatment and control in the biomarker-negative
subgroup ¢4 € (0.6,1.2), the OS HR comparing treatment and control in the biomarker-positive
subgroup 85 € (0.7,1.2), the OS HR comparing treatment and control groups in the biomarker-
negative subgroup 6 € (0.8,1.2), the correlation between OS and PFS in the biomarker-positive
subgroup &, € (0.3,0.6), and the correlation between OS and PES in the biomarker-negative sub-
group 65 € (0.2,0.7). Marginal exponential distributions using a mixture representation were used
for simulating correlated OS and PFS times””. More flexible models such as the Weibull distribution

can be considered.

IMPLEMENTING AND BENCHMARKING ROSA

For the outlined two-stage trial with biomarker populations, our ROSA pipeline can be used to com-
pute multiple simulation reports, varying both the list of operating characteristics fand the definition
of @'. For example, one can fix the OS HRs in the biomarker-positive and negative populations to fo-
cus on the design sensitivity to other parameters, such as the PFS HRs. Similarly, the set of unknown
parameters @' can be restricted to & values with positive effects only for the biomarker-positive popu-
lation. Importantly, one set of training simulations can be re-utilized to compute multiple sensitivity
tables where the definitions of fand @' vary.

We examine the difference in the marginal losses

= i — <r< .
L6, ..., bk) {prég{k:rgggl(\lﬁ(e) fr(@e)Hz}, 1<r<R, (3.4)

when the set of scenarios are chosen by optimizing different loss functions. For example, let S, be the
set of scenarios that minimize the marginal loss £, in (3.4). Similarly, let S be the set of scenarios that

minimize the joint loss £ = —U in (3.2). Then it is intuitive that £,(S,) < £,(S),1 < » < R.
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In different words, the marginal losses £, tend to be smaller when the set of scenarios is chosen to
minimize £, compared to a set of scenarios that minimizes £ with the aim of representing multiple
operating characteristics. If the discrepancy £,(S,) — £,(S),1 < » < R, is relatively small for all R
total operating characteristics, then this indicates that it is reasonable to select a single set of scenarios
S to illustrate how the R operating characteristics vary jointly across ©. We describe the difference
between the marginal losses £,, » = 1, 2, 3, when scenarios 6}, . . ., fx in @' are chosen by optimizing
L,in(3.4) - optimum: S, = &}, ..., 6 . — or by optimizing L asin (3.2) — optimum: S = &7, ..., bx.
Recall that S is computed with the goal of illustrating how multiple operating characteristics vary
across © while S, optimizes the representation of a single operating characteristic f,.. The weights in
(3.2) are w; = w, = w3 = 1/3. In Figure 3.4 panel 1, we plot £(S;) in red and £;(S) in blue.
Similarly, in panel 2 we compare £,(S,) and £,(S), and in panel 3 we compare £3(S3) and £5(S).
Our results indicate that for all three operating characteristics, £,(S) > L£,(S,), » = 1,2,3; as
expected, there is an increase of the marginal losses £, when the set of scenarios is selected to illustrate
jointly the variations of multiple operating characteristics across ©®'. However, this difference is small
(< 10%) forall K € {2,5,10,15}. Furthermore, for each K € {2,5,10, 15}, the relative difference
is similar across the three operating characteristics f1, /2, f3 (Figure 3.4). This result supports the use
of identical weights and of a single sensitivity table, with the same set of scenarios S to illustrate jointly

all three operating characteristics.

3.4 DIscUsSION

The evaluation of complex designs such as dose-finding studies*?, factorial trials**, and response-
adaptive trials* focuses on multiple operating characteristics, such as the level of toxicities, the prob-
ability of selecting the correct treatment arm, or frequentist operating characteristics, including power

and false positive probabilities. During the design stage of a complex clinical trial, simulation reports
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Figure 3.4: Marginal losses L,, » = 1, 2, 3 of different sets of scenarios S, (red) and S (blue).

are typically produced to discuss sample size, interim analyses, and other major decisions with various
stakeholders. The simulation report consists of one or a few tables dedicated to showcasing how major
operating characteristics f(4) vary across potential values of unknown parameters in ©. In most cases,
the analyst focuses on subsets of plausible parameters ®' C O, for example, values concordant with
previous studies, or subsets of potential & values of particular interest because of positive and clinically
relevant treatment effects.

Simulations are fundamental in the design of complex trials since operating characteristics can
rarely be obtained analytically and are crucial in the assessment of study designs for regulators, phar-
maceutical companies and other stakeholders?”. However, a limited number of scenarios or poorly
chosen scenarios could be inadequate to highlight variations of the operating characteristics across
plausible unknown parameters and can result in sub-optimal decisions. We propose ROSA as a useful
tool that can support investigators at this design stage when selecting which and how many scenarios
to include in these simulation reports.

We focus on choosing an informative number K of scenarios &y, ..., 6x among the plausible un-
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known parameters to summarize the variations of key operating characteristics. Our approach min-
imizes an explicit loss function and uses established techniques for functional approximation (NNs)
and numerical optimization (simulated annealing). We showcase our approach in three trials. Impor-
tantly, our approach is general and can be applied to nearly any clinical trial design. It only requires
simulations to mimic the clinical trial under hypothetical scenarios.

Although our approach is general, we focused on loss functions £ of a specific form (3.2). It
is possible to consider different loss functions. For example, one could consider the loss function
L(b,...,00) = Eg g {ming—;, ¢ DIf(¢),£(6:)]} , where g(-) is a probability distribution on ©
(e.g., a posterior distribution obtained from previous data). The distribution g could be used to in-
corporate prior information about the unknown parameters in the selection of sensitivity scenarios.
Moreover, the metric D : ®* — R can be extended to capture both differences between operating
characteristics at plausible values 8, § € © and other aspects, such as the difference between expected
values of the outcomes Yat fand &'

One major challenge in the presentation of simulation reports is the need for simplicity and in-
terpretability of the results. To this end, we considered fixing one or more unknown parameters to
identical values across the K scenarios, which may be reasonable when there is a priori knowledge of
certain unknown parameters. There are other ways to simplify a simulation report, such as removing
operating characteristics that do not vary across plausible unknown parameters, or reporting only the
range of the operating characteristics across © instead of presenting the operating characteristics for
each representative scenario. Further, instead of maximizing the utility for a given number of scenarios
and operating characteristics, future work can consider a penalty for using too many scenarios K.

Variations of the ROSA approach may also consider optimization algorithms other than simulated
annealing and regression methods alternative to NN for approximating the operating characteristics

across ©.
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Conclusion

In the present dissertation, we have considered how to make causal inferences in the presence of real
world constraints, such as confounding bias, heterogeneity in data distributions, treatment guidelines,
and coding practices, as well as privacy constraints that preclude the sharing of patient-level data. In
this section, we will summarize the key contributions of this dissertation and detail some of the ongo-

ing research that extends the current work.
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4.1 SURROGATE MARKERS AND SEMI-SUPERVISED LEARNING

Surrogate markers are outcome measures that can be used as a substitute for a primary outcome.
Changes caused by a therapy on a surrogate marker are expected to reflect changes in the primary
outcome. The use of valid surrogate markers to infer treatment effects on long-term outcomes has
the potential to reduce cost, expedite the approval of new therapies, and potentially reduce the inva-
siveness of procedures for patients. While there is rich literature on quantifying the effectiveness of
a single surrogate marker in an RCT, there is a need for methods development to properly leverage
RWD and to consider multiple surrogate markers when they are available.

In Chapter 1, we develop a method to use RWD (e.g., EHR and cross-trial data) to identify and
validate surrogates in comparative effectiveness studies. We propose inverse probability weighted and
doubly robust estimators for an optimal transformation function of the surrogate and the propor-
tion of treatment effect explained (PTE) measure. We show that our proposed PTE measure avoids
the surrogate paradox since it is never the case that the treatment effect on the surrogate is positive
but the treatment effect on the primary outcome is negative, regardless of the correlation between
the surrogate and primary outcome. We establish the consistency, asymptotic normality, and robust-
ness of the proposed estimators. In two different data applications, we validate two surrogate markers
for outcomes of interest in inflammatory bowel disease. These findings may be particularly useful in
informing future cross-trial designs for biologic therapies. When there is a single surrogate, one can
make inference about the optimal transformation function and the PTE measure nonparametrically,
but this is not possible with multiple surrogates due to the curse of dimensionality. In a related re-
search project, we develop a robust calibrated model fusion approach to allow for the incorporation of
multiple surrogate markers. Our approach identifies an optimal combination of multiple surrogates
without strictly relying on parametric assumptions while borrowing modeling strategies to avoid fully

nonparametric estimation. In an analysis using data from the Diabetes Prevention Program study, we
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show that it is beneficial to use three surrogates jointly to infer the treatment effect on the primary
outcome, compared to any single surrogate individually. In another piece of work, we examine sur-
rogacy from a principal stratification framework. Existing approaches cannot identify the ATE in all
principal strata, defined on the joint potential values of the intermediate variables. For example, un-
der non-compliance, existing methods for instrumental variable estimation and principal scores can
identify the ATE in at most three of the four principal strata. We propose a new principal resampling
technique for unbiased estimation of the ATE and proportions of each stratum without requiring the
deterministic monotonicity assumption.

Estimating the time-specific risk of disease onset is difficult due to the presence of censoring and
because survival outcomes are imperfectly measured in patient EHRs. Convenient surrogates of dis-
ease onset based on ICD-10 codes often exhibit temporal biases of the true event time and can result
in power loss and invalid inference on treatment effects. In extensions to Chapter 1, we are developing
semi-supervised estimation procedure for the ATE ata time point #, where there exists a small subset of
patients for whom gold-standard outcome labels are available and a large subset of patients for whom
silver-standard EHR-derived surrogates are available. We develop doubly robust survival curve esti-
mators that are consistent if either the outcome model is correctly specified or the outcome labeling
model is correctly specified. Further, we aim to propose a more efficient estimator that can leverage
the rich information from EHR surrogates to maximize imputation precision in the unlabeled set.
This method can be used to examine, for example, the ability of the influenza vaccine to decrease the

time to heart failure in a cardiovascular patient population.

4.2 FEDERATED AND TRANSFER LEARNING

The growth of large research networks has facilitated multi-center collaborative research, which is

particularly important when studying novel treatments, rare diseases, or in times of urgent health
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crises. Integrative analysis of data from multiple sources is an important strategy for making more
precise, timely, and generalizable decisions. Multi-source analyses can overcome potential biases from
a single healthcare system and improve power due to the increased sample size. However, integrative
analysis is highly challenging due to heterogeneity in covariate distributions, treatment guidelines, and
underlying models across sources, as well as data privacy since individual patient data (IPD) typically
cannot be shared.

I have been fortunate to collaborate with investigators in several distributed research networks,
including the Consortium for Clinical Characterization of COVID-19 by EHR (4CE) and the U.S.
Department of Veterans Affairs. Working closely with clinicians and policymakers at these centers mo-
tivated me to study the problem of how to estimate treatment effects in federated data settings. The
development of the Federated Adaptive Causal Estimation (FACE) framework allows investigators to
incorporate heterogeneous data from multiple sites to provide treatment effect estimation and infer-
ence for a flexibly specified target population of interest. To safely incorporate source sites and avoid
negative transfer, we introduce an adaptive weighting procedure via a penalized regression of the in-
fluence functions, which achieves both consistency and optimal efficiency. FACE is communication-
efficient and privacy-preserving, allowing participating sites to share summary statistics only once with
other sites. In a comparative effectiveness study of vaccines on COVID-19 outcomes in U.S. veterans
using EHR s from five VA sites, we show that FACE substantially increases the precision of treatment
effect estimates, with reductions in standard errors ranging from 26% to 67%. In ongoing research,
we extend the FACE framework to propose a multiply robust estimator of the target average treat-
ment effect (TATE) to allow researchers at different sites to propose multiple candidate outcome and
treatment models due to different local conditions such as treatment guidelines, hospital resources,
or patient populations. In a separate follow-up paper, we shift our focus to the small sample problem
and focus on how to better estimate treatment eftects for underrepresented populations. We develop

a federated transfer learning approach to leverage information from difterent populations and difter-
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entsites. Theoretical and simulation studies show that our proposed method is superior to using data
from the underrepresented population alone, robust to model misspecifications, and efficient under
relatively mild assumptions. In another extension, we focus on the setting where it is not clear a priori
which subgroups are of primary interest; rather, the goal is to identify subgroups who would benefit
most from a new treatment, which is important in resource-constrained settings (e.g. COVID-19 vac-
cines early in the pandemic). To this end, we develop a doubly robust federated causal tree approach
to estimate heterogeneous treatment effects. Finally, in a related paper, we develop a causal framework
for hospital quality measurement to properly adjust for differences in patient case mixes, identify rele-
vant peer hospitals, and use only summary-level data when IPD cannot be shared. Our strategy allows
us to make hospital comparisons on treatment-specific outcomes and permits flexibility in the speci-
fication of the target population.

The typical multi-source transfer learning problem leverages data from multiple source sites to help
make predictions or causal inference for a target population of interest. Due to the challenge of ob-
taining accurate labels, there are often very few outcome labels. In ongoing research, we focus on the
even more challenging setting where we do not observe any data on the target population, yet we aim
to leverage multiple source populations to learn about the target population. This type of problem
is encountered frequently in the real world. For example, in genomics, data is often separated into
batches but heterogeneity across batches can lead to undesirable variation in the data. The goal in this
setting is to identify batches that show low levels of concordance with the majority of the batches and
adjust for such differences in downstream analyses. We aim to (i) provide the identification condition
for extracting information from many source populations to make inference for an unseen and pos-
sibly heterogeneous target population, (ii) develop a general sampling algorithm for overcoming the
post-selection problem with current methods, and (iii) implement the method for high-dimensional
and low-dimensional prediction and causal inference with multiple data sources. We also aim to con-

tinue work on federated survival analysis with high dimensional and heterogeneous data, as well as to
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develop federated and transfer learning approaches for conformal inference under covariate shift.

4.3 SENSITIVITY ANALYSIS

To compare candidate designs for future clinical trials, simulation-based sensitivity analyses are often
conducted. In this context, sensitivity analyses are used to assess the dependence of important design
operating characteristics (OCs) with respect to various unknown parameters (UPs). In Chapter 3,
we proposed a new Representative and Optimal Sensitivity Analysis (ROSA) approach to choose the
set of scenarios (and its size) for inclusion in design sensitivity analyses. Our approach balances the
need for simplicity and interpretability of OCs computed across several scenarios with the need to
faithfully summarize how the OCs vary. We are developing the ROSA strategy into a practical tool
for investigators, who might otherwise be unclear if scenarios which are selected ad hoc are adequate to
illustrate the variations of the OCs across potential values of the UPs. Similarly, for regulators, this tool
can be used to resolve any skepticism as to whether scenarios are chosen to highlight positive aspects of
the trial design without pointing at its limitations. We are also interested in extending this framework
to observational studies. In observational studies, multiple sources of bias must be accounted for (e.g.,
selection bias, measurement error, unmeasured confounding, etc.). Existing research has primarily
considered single sources of bias, although recent work has shown that it is possible to bound the total
composite bias due to multiple sources. We plan to develop more informative sensitivity measures,

which can be especially useful when bias bounds are wide.
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Proofs and Supplemental Materials for
Identifying Surrogate Markers in

Comparative Effectiveness Research

OVERVIEW OF SUPPLEMENTARY MATERIALS

The supplementary materials contain six appendices. Appendix A.1 provides a derivation of the op-
timal transformation function. Appendix A.2 provides a derivation of the bounded PTE measure
and avoidance of the surrogate paradox when assumptions (A1) and (A2) are satisfied. Appendix A.3
provides a proof for consistency and asymptotic normality of P/T\EE. Appendix A.4 proves that our
proposed DR estimators are consistent when either the PS model or the OR models are correctly spec-
ified. Appendix A.s5 provides details on perturbation resampling. Appendix A.6 provides additional

figures.

A.1  DERIVATION OF OPTIMAL TRANSFORMATION

Without loss of generality, assume that S is continuous with conditional densities F, (5), given binary
treatment 4 = 4,4 = 0, 1, with respect to the Lebesgue measure. The derivation is similar when S'is
discrete. Let gopt () = Zopt () — m(S), where

m(s) = m(s)Pi(s) + mo(s)Po(s),

I0I



where m,(s) = E(Y |5 = 5) and P,(s () (fo(s) + A1) fuls) = dF,(s5)/ds. Since

gOpt(S) = m(S) +§Opt(S)>

2 ~ 2
E[{Y = go($)}| = E[{Y = m(S) = gon($)}] = E [(¥ = m(5))] ~2E[(Y=m(8)) o () +EIZ ()]
Thus the problem is equivalent to finding a function gop(-) that solves the constrained optimization:

n}inE [7(S)] given E[g(S)|4=0]=c

where ¢ := E[Y — m(S)|4 = 0].

Our optimization problem is thus

min [ 20 (h0) +A0} s gven [ g)dr) =

which is equivalent to

min £(g) given G(g) =¢
£

where we used the functional notation

/g2 Y {fol) + /() ds, and G(g) = / 5)dFy(s).

Taking the Frechet derivatives of the functionals, we have that for all measurable » such that [ 5*(s){fo(s)+

fi(s)}ds < o0,

2[5@—2@@]( = [Ewep6) (300 + A0} s 2 [ 61ty
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Setting b = d(s), this implies that gop(s) = APy (s) for all s. Hence, by the constraint, we have

c o — | m(s)dFy(s)

T [Po0dFRo(s) [ Pols)dFo(s)

A
We can simplify the expression for A by first noting:

o = E(114 = 0) = (1)
= / 24 = 0)dy
= [ [ ot = 0.7t = o)
— [ it = 0)a
— [ moarilo),

where the second-to-last equality follows because 72 (s) = E(Y|S = 5,4 = 0), and the last equality

follows because f{s|4 = 0) = dFy(s)/ds. Thus,

. / m(s)dEo(s) = / 0 (5)dFo s) — / [mo(sYPo(s) + ma (5)Pr(5)| Ao )
= /[mo(s)(l — Po(s)) — mi(s)P1(s)]dFy (s)
= /[mo(s) — ma(5)|Pr(s)dFo (s).
Hence,

J[mo(s) — ma(s)[Pr(s)dFo(s)

A= [ Po(s)dFo(s)

Finally, the optimal function gop(+) can be expressed as

Lopt(s) = m(s) + APo(s)-
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A.2 BounDED PTE AND AVOIDANCE OF SURROGATE PARADOX

To ensure that PTE € [0,1] and to avoid the surrogate paradox situation, we show that the only

assumptions required are that

(A1) Sy(#) > So(n) forallu,

(A2) Mj(#) > Mo(x) forall # in the common support of gopt(S(l)) and gopt(S(O) ),

where S, (#) = P{gopt(S(")) > u} and M, () = E(Y19 |g0pt(S(“)) =u),fora=0,1.

By definition,
A = E(YD) - E(YO) = / M (s)lF (1) — / M (#)dFo ().
Recall that g, (s) = m(s) + APo(s), and

Byt = Ela(5) ~ 5 = [ gop{E )~ Fao)}d,

— [ m(s)dFo(s E,(s
where m(s) = my(s)P1(s) + mo(s)Po(s), 1 = %%, and P,(s) = Fo(f;‘i(’;l(-‘).

We can thus rewrite A () A5
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Bg(s) = /gopt(f) {E(f) - Fo(:)} ds

= / mi(s)Pi(s) {Fi(s) — Fols) } ds + / mo(s)Po(s) {Fi(s) — Fols) } ds

J Po(s) {Fi(s) — Fols) } ds -
+ fPO(J)dF()(j) /{ Wl«l(!) + mo(:)}P1(5)dF0(5)

— [

Fi(s) = Pols)Fi(s) — Pi(s)Fo (J)M

where Fu(s) = % .Note that F,,,(+) isasubdistribution since F,.,,(00) = % <
[ P _
[ Po(v)dFo(v) —
‘We thus have that

AM=/Mwwwmﬂmwm—/mmwmw—wmw}

Examining the difference between A and Ay, ,, we see that

A=A, = /{Ml(u) — Mo(u)}mew(u)du,

where F, (#) = 1 — S, (#), F e () = L oo B0 (0) (0) = T, (v)

—_ v _ dF,(u)
JPo(0)dFo(e) >4 Fo(v)+F1(v)’ and Fd(ﬂ) - )
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From an integration by parts, we see that

Agpis) = / wdFy () — / udFo (i) = / {S1(#) — So(u)}du.

By assumption (A1), we conclude that Agopt( 5) = 0. Further, since Fnew (#) > 0, then the differ-

enceA — A, (5 =0 under assumption (Az2). It follows that

A
PTE = %(S) e [o,1]

under assumptions (A1) and (Az2).

Furthermore, we have guaranteed that A 2($) = 0 when A = 0, i.e. if there is no treatment effect
on the primary outcome, we will not observe a treatment effect on the optimal transformation of the

surrogate.

A.3  CONSISTENCY AND AsYMPTOTIC NORMALITY OF PTE;

We assume that all components of (Y, S, 4, X) are sub-gaussian, the true conditional mean function
Vi (%) = E(Y!®) | §@) = 5, X = x) and the true conditional density of S@) | X = x, 1 (5%),
are continuously differentiable. We also assume that § @) hasa compactsupportand thath = O(n~")
with » € (1/4,1/2). In this section, we show that when the propensity score model is correctly
specified, the proposed IPW kernel smoothed estimators g(s) and P/T\E§ are consistent for g, (s) and

PTE

0o ) converges in distribution to a

o> respectively. We will also show that /» (P/ﬁg — PTE,,,
normal distribution with mean zero and variance ¢2, which we will derive.

To this end, we first show that 72, (s) and}\‘; (5) are consistent for 72, (s) and £, (s), respectively. With-

out loss of generality, we prove the consistency of 712,(s) = 72,(5; 2) for m,(s) = E(Y@ | §@) =
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~ n IS Ky (Si—$)Yil(Ai=a) | w,(Xise
5) = E{}k;m(s; X)}, where m, (s; ) = 1 lezlllé(& )) (1(4 a)}/%((“d))_

First, under the correct specification of the PS model, # — « in probability, where ) is the true

parameter value. Hence

max |0, — wa| < sup \ﬂa(x;&\)_l — 7, (x; ao)_1] —0
: X

in probability, where w,; = I(A4; = a)/7,(X;;20). It then follows from standard theory for non-

parametric kernel estimators”5%5 and Taylor series expansions that

sup 7a(5:2) — mal6)| < suplPals o) = ma@ + swp &, (5 )2l — ol
5 s sy ||a—ao||<c

= Op{(nb)_%\/logn + b+ n_%} = 0y(1),
where m/, (s; 2) = Om,(s;«) /Oa and cis any small constant. Similarly, we have
sup[f (5)| = O,{(nh) %\/logn—l—bz—l—n 2}—0p()

When » = O(n~”) with v € (1/4,1/2), it is not difficult to show that 1 — 1 = Op(n_% +h?) =

0, (n_% ). It follows that

sup [2(s) — g(s)| = Op{(nh) 2 \/logn + I + n"2} = 0,(1).

Similarly, we may show that

~ ~ o~ ~ ~ =~ 1
‘Af - Agopt| = Af - Agopt + Agopt - Agopt = /{g(j) _gopt(J) }dD<5) + Op(n 2)7

where D(5) = ! Y (@1, — @0,)I(S; < 5). It follows from the uniform convergence of g(s) —
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Gone(s) and D(s) — D(s) = P(SM < 5) — P(S© < 5) that Ay — A

gopt — 0 in probability. This,

together with the consistency of A for A, implies the consistency of PTE for PTE,,,,.

We next establish the asymptotic normality of /72 (PTEA PTE

gopt )+ First, note that

fuls) = fuls) = IZ (w0 (K, (S: =) = fa(6)} + £ Uas] +0p((n)7/2),

Ma(s) — =n IZ waiK (S, () G (W] + 0p(nh)7/2),

where m/, (s; 2) = Om,(s;2)/0a, £,(5; ) = Ofy(s5; ) [ Oct, Uy, i(5) :fd(y)*l{Yl(»d) — my(s)},

ZEMES QNS L. (X 0)
malse) = JAGY))  Jalsie) = E{ il %) (X ) } ’

andz —ag=n"'Y " Ui+ op(n_%) following standard likelihood theory. It follows that

{fl (s) +f0(5)
PP —A)  PEPGE) s
= 0 fl() ‘|' 5 ((nh) /%)

= 0" Upyi+ op((nh)™?),

i=1

WherCUp(),l'(S) = Kh(SZ'—S)gPO,Z‘(S) + (a)li_ 5001’)7)1 (5)7)0 (5) +UI,Z'B7’0 (5)7 gpo,i(S) = {“)01'/][0 (5) -
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w1:/f1(5) Y P1(s)Po(s), Bp, (s) = {£5(s) /fo(s) — £1(5) /[fi(5) } P1() Po s)-
Similarly, we have Py (s) — Pi(s) = —(Po(s) — Pols)) = —n " S0, Up, 4(5) + 0,(n 7).

Now
wn(s) — m(s) = {m(s) — m(s) Y Po(s) + 71 () {P1(s) — Pa(s)}
+ {70 (s) — mo(s)}Po(s) + 7o (s){Pols) — Po(s)}
=n! Zum,i(s) + 0, ((nh)71/?),
where

uml = Z {wasz(S - 5)um Z( ) + m W} P + {mo(j) o m1<5)}U7307,'(5)

= K)(Si — S)QM,Z'(J) + L{;iBm(;) + (w17 — @0i) A (5),

where
gmz Zwaz maz +g730 l( ){mO(S)_ml(j)L
Bu(s) = Y m(s)Puls) + B, (5) {mo(s) — m(5)},
and

A (s) = Pr(s)Po(s){mo(s) — m(s)}-

Together with arguments given in Appendix B of Parast et al. ¥, the fact that b = op(n_l/ ), and

a Taylor series expansion for approximating [ K,(S; — s)H(s)ds for any given smooth function H,
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where we denote g, 1= [ H(s)dFo(s), we have the following expansion:

[ A6 = 0= [136) = m6)} (s
+ [ ) {7 = o) s+ (a7
=t Zj: [/Kh(S,» — 5){Gm,i(5)f0(5) + woim(s) } ds

+ (o1 — w07) /A (o (5)ds

~ o / s + UL, [ {6 + Bafoe) | + opn )
= n_lz [gml o (S:) + woim(S;)

+ (w1 — wor / Ao (5)fo (5)dls — oy / m(s)fo(5)ds

UL, [ {60 + a0} ] + (72

Similarly, we have

/ Po(s)fo(s)ds — ey = / {130 (s) — Po (5)} fols)ds

+ /770(5) {]ACO(J) —fo(:)} ds + ap(n*I/Z)
- Zn: |:/Kb(Sl' — 5){Gpy,i(5)fo(5) + wo;Po(s) }ds

= ”_IZ [%oz( Do (Si) + w0Po(S7) + (1 — wor) / Pr(s)Po s)fo (s)ds

—wol/Po Dols ds+uT/{730()F()+Bpo Wols }ds}—i—op( -1/2),
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Since 1 = 0 Emo 4nd ) = ‘uo o , it follows from above that
#Py0 1“7?00

2-2=n"" ZUM + op(n_%),

where

T2zl (=) =i { [ P}

~irto { [ AR 0} +,)
=l lzww Y~ i)

— tphoAn” lz{gpoz Dfo(S:) + woiPo(S))
o= on) | PUOPAOY (I — s [ Pl
+plodn” li:u /{Po 5) + B, (s)fo(s) } ds
#;jon—lz{gml o (S:) + wom(S;)
+ (o= on) [ An(fo)ds — ans [ m) o<s>dx}
+y7§jon_liu /{m (5)ds + Byu(s)fo(s) } ds + 0p(n""/?)

=5t ZUA(Dz‘) + 01)(”71/2).
=1



Gathering the above expansions, we may obtain the form of g(s) — gop(s) as
Z6) = gops) = (5) = m(s) + (1= DPols) + 2 { Po(s) = Pols) | + 0p((n) /%)
= Z [Kb )G () + UL Bu(s) + (@17 — w07) A(5) + Po(s)Ua (D)
+ K (S; = 5)Gpy.1(5) + (01 — wor) Pr() Po(s) + U, B, (;)}] +0y((nh) 1/?)

= n_IZL{G 5;D;) + 0y ((nh)~ 12,

where

Us(s; Dz’) = Kp(S; — 5){gm,i(5) =+ lgPoJ(S)} + ul,z‘{Bm(5) + ABp, (5)}

+ (@1 — wor ) {Am(s) + AP1(5)Po(s)} + Pols)Uy(D;).
To derive the asymptotic distribution for P/T\E, observe that

FTE — pTE
- / (0 e} 4 {BO) - o)} + [ et {Ri) - Rol)} - PTE
_ L Z [ (Gona(S) + G2, (D) A(S:) — fo(8)) + (11 — 0:)gope(8)
+ / R0 ~ 0 }ehsts — PTE+ [ {u:,l-{Bm () + 1Bp )}
o1~ 00) (An(9) + FPPA)) + Po D) () — (0

PTE < _
A" IZ[wu(K—ﬁ)—wOf(K'—#o)]+0p(n 1/2)

= ﬂ_l Z UPTE (DZ) + Op(n_l/z),
i=1



where

Upre(Dy)
[(gm )+ 20p, (S(S) — fo(S)) + (1 — w0 gope(5)
+ /gopt(J){ﬂ(J) - Fo(’)}ua,id-‘ — PTE + / {ul,z‘{Bm(S) + ABp,(s)}

+ (wli - wol'){Am(.Y) + 2731( ) ( )} + Po }O‘i .Y:|

PTE

= T (5= ) — (s — o)

Therefore, by the central limit theorem, /% <P/T\E — PTE) converges in distribution to a normal

with mean zero and variance o* = E {L{pTE (Dl-)2 }

A.4 DoUBLE ROBUSTNESS

In this section, we prove that our proposed DR estimators are consistent when either the PS model

or the OR models are correctly specified. Recall that we proposed the DR estimators for 7z, (s) and

Jals)as

M, pr(s) = ./Yl\ﬂ’DR(J)
or(9) % el ;

Mooele) =73 {Ki(Si =) Yioas = (Bas = DT, (5 %)V, (X0 |

where h = O(n™”) with v € (1/4,1/2), ;}ﬂ . (s3x) and ;Akd .(53 x) are estimators for the conditional
mean ¢! _(s; x) and the conditional density ¢! (s5; x), respectively.

We now show that the estimators are consistent if either sup, |7, (x; %) —7,(x)| — 0in probability
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or sup“{ﬁh %) =y (X)) + Wﬂ (%) = ¢1 (s;x)[} — 0in probability. Leta, ¢, _(s;%),
¥, .(5:x) denote the respective limits of 2, ¥, _(s;x) and ¥, . (s; x) under possible mis-specification of
their respective models, 7, (x) = 7,(x;2),and @,; = I(A4; = a)/7,(X;). Regardless of the adequacy

of the models, by the central limit theorem and convergence of kernel smoothed estimators®s, we have

that
@—a=0,(n"?)
and
sup [¥,, (5 %) — ¢, ()| +sup [, (%) — ¥, (5 %)] = 0,(1).
When the PS model is correctly specified, sup, |72,(s) — m,(s)| + sup, ]ﬁZ f2(s)] = 0Oin

probability as shown in Appendix 3. In addition, the augmentation terms

7Y (B — DY, ( _IZ war — 1Y, (5X:) + Op([[2 — ao||2)
=1
and
7S G — Y, (5X,) IZ Oar = 1), (5:X) + Op(|[@ — ao]2)
=1

also converge to o in probability, regardless of the adequacy of the OR models. Therefore, under the

correct specification of the PS model,

sup |72, or () = m4(s) \+SupU”DR —Jfa()| =0

S

in probability.

We next establish the consistency of the DR estimators when the PS model may be mis-specified
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but the OR models are correctly specified. First consider £, pr(s), which can be written as

Jeonl ) Z {{Kb ~ YL (5 X)) @ai — (@ar = VY, (5 X0) = YL (s X)) + ¢ (s Xz‘)]
-y {{Kh“f ~9) = Ao X0~ B~ DT %) ~ 5 XY

+£2s) + Op(n77)

—IZ@DRJD +fuls —nlzwm— M (5X0) = ¥ (5 X0} + Oy 2),

i=1

where £,,¢(5;D;) = {K(S; —5) — ¢ (5 X:) } o,

It follows from uniform convergence of kernel smoothed estimators 85 that

sup|ﬂ lzsﬂ or(5:D;) — E{e, or(5: D)) }| = 0,(1)

and
Eleuon(s D)} = E [ { [ Kuls = 9.,(5:X)d5 — ¢, (53X }| = 002

This together with sup H}d (5x) — ¢ (5;x)| = 0,(1) implies that sup, [ﬁ, or(s) = fa(s)| = 0,(1).

We have a similar consistency result for MLDR(I), where

Azz oR( IZ {Kh $)Yiwgi — (@0 — 1) Z,m(f X; )% (.Y X; )} + op(l)
=n! Z [5ﬂ,m(s; D,) + {Kb(sl- - s);yjz’m(;; X;) — ;&;’m(;; Xl-)%z,f(;; Xz’)} 5)]

+7ma(s) + 0p(1),

and &, (5;D;) = K (S; — s){Y; — ¥, (5: X)) }oar.
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Following the convergence of}\;,DR( ) = fals), M, DR(.Y) — ma(5)f2 (), Aﬂ %) = Yl (55x)
and @,;, — @,;, we arrive at the consistency of 72, pr(s) to m,(s) when the PS model may be mis-
specified but the OR models are correctly specified.

Thus, we get the double robustness properties for;\iDR(J) and 72, pr(s).

Since all remaining estimators relevant to gpg(s) are plug-in estimators that are derived based on
m, or(5) and}\;yDR(;), we can conclude the double robustness of gpr(s) for gop(s).

Finally, the PTE will be DR by standard arguments for the conditional mean estimators®, where

we construct a plug—in estimator for Ag as A

opt ¢,0R — (ulg,DR o KMO,E,DR’ where

N _1 [A[:éz — 7, (X;) +
Hag,DR = Z { ( ffa)(Xz') ( )Za,g(Xz‘)}a

i:Adi=a

where Zﬂyg( ) is an estimator for £, ,( E(g \ X; =x) = E(g(S;) | 4; = 4, X, = x), and

ng, =y . I(4; =a),a = 0, 1. Similarly, we define Aor = IZZI,DR — //Zo,DR’ where

e DY { S :;,j)(gf“ %z, (xf)} ,

i:Adi=a

where 24 (x) is an estimator for £, (x) = (Y(ﬂ | X; =x) =E(Y; | 4; = a,X; = x).

z

A.s PERTURBATION RESAMPLING

In this section, we provide the detailed inference procedure for both the IPW and DR estimators
based on perturbation resampling. Recall that we generate {V? = (V¥ . VT b = 1,.... B},
which are 7 x Bindependent and identically distributed non-negative random variables from a known

distribution with unit mean and unit variance, such as the unit exponential distribution. For the IPW
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estimators, for each set of V.= (17, ..., V)T, welet V; = Vi /(n 1S 2, V5),
=1

~ K (S; )V Wy o (4= a)
n A~k Y f:(j) Z L 9 waz’ - Lok 9
> i1 Kip(Si — 5)Viwy,; Z;_l Vio Dy (X, 2")

where 2* is obtained by fitting a weighted logistic regression 4; ~ G{a"®(X;)} with weights {V;}.
The perturbed counterparts of 7:(-), P, (-) and 7. are obtained as

respectively. Subsequently, we construct the perturbed counterparts of g(s), Ag ot A and PTE as

~x
ok A

~ 3* 5% NG ~k ~k ~k o~k
g = m"(s) + A Pis) Ay = B — Hogr & = ¥ — o, and PTE? = ==, where

~k Ef:d(si)v@;i ~k __ Zz 1YV‘"
ag = TS v, ande, = S5

For the DR estimators, for each set of V, we let

;}\IZ:,DR(‘Y) = /;Z/::,IDR(!)’ M:DR =n"! ZV {Kb — (@;fl- — 1)/3}:;”(5 X; );k (.Y X[)} ,

) i VKAXTY — XK (S =) e
C XLVKOX X)) Voo x) = MUL)'R),

7= argmax ol A== VVI(XTy > Xin)(Si > S))} and@ (5) is the solution to

)=t S kit % - %) -
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We construct the perturbed counterparts of gpr(s), Apks Az prs and PTEg pg respectively as:

~x% N ~x%

§$R(5) = Mpg(s) + )'DRP:,DR(S)v Apg = IuiDR - ﬁ:,DR’

A’\k == A*N - A*w
ZpRrsPR lul,gDR,DR IuO,gDR,DR’

— x ~k o~k . ~
and PTE?BR,DR = AESR,DR/ADR’ where 75 (s) = Zi 0 m;‘ DR(S)P:DR(J)3

j"* f {mo pr\S) — 1DR( )} 73 ( )}:,DR(j)ds Sk . %DR( )
r(s

DR = ) Pﬂ,DR(‘Y) ==~ = <
fPoDR 5)fs.or(s)ds ﬁDR()+f*DR()

‘ZL\:@SR’DR = n_l Z 1_}1' {:q\éR (Sl')z‘}:z' - (a:i - 1)2;7<?5R (Xl)} ) Za,g(x) = /g(s)g;:,f (5’ X)d'f’
=1

B o= 121}{1@*— @~ VEX)} . L0 = [T s

As described in the main text, we typically generate a large number, say B = 500, realizations for
V and then obtain B realizations of the perturbed statistics of interest. Standard error estimates and

confidence intervals can then be constructed based on empirical quantiles of these realizations.

A.6 ApDITIONAL FIGURES

The additional figures referenced in the paper are provided at the end of the Supplementary Materials.
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Figure A.1: Relationship between S and E(Y| S = 5) in setting | (left) and setting Il (right)
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Figure A.2: Empirical bias, empirical standard error (ESE) versus average of the estimated standard error (ASE), and
coverage probabilities of the 95% confidence intervals forgopt (.r) when z = 400 and (A) both models are correctly
specified, (B) PS model is misspecified, (C) OR model is misspecified, (D) both models are misspecified. Note the larger
range in the y-axis for setting (D) due to the increased bias and undercoverage when both models are misspecified.
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Proofs and Supplemental Materials for
Federated Adaptive Causal Estimation

(FACE) of Target Treatment Effects

OVERVIEW OF SUPPLEMENTARY MATERIALS

The Supplementary Materials are divided into four sections. In Section A, we illustrate the workflow
of FACE to construct a global estimator in a federated data setting. In Section B, we provide a mild set
of sufficient conditions for the necessary regularity conditions to hold in the special case with logistic
regression models for the nuisance functions. In Section C, we provide proofs for the theoretical
results in Section 4 of the main paper. In Section D, we provide supplementary tables corresponding

to the real data analysis.

B.1 FACE WoORKFLOW

B.2 Speciar Cask: LogIsTiC REGRESSION MODELS

For the special case with logistic regression models given in Section 2.3.5, we denote the asymptotic

parameter S as

a, = argmin E{{(4,2"X) | R = &},
a€ER?
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TARGET SITES T

SOURCE SITES S

summary statistics Wk,

and OR estimates ﬂa X ﬁ

A
=
! site : : :
Target sites share ko€ 5< B ED
O O

STEP 1 STEP 2
Each targetsite k; € T

« Calculates the covariate vector ¥k
» Estimates outcome regression and

Each source site ks € .S

« Estimates the density ratio weight

Target sites and source . EsTlmaIe_s outcome reglressmn and
propensity score model sites share model propensity score model
« Calculates TATEAT ¢, estimates and influence . gz:gs:::gz ZﬁTEeﬁamn omponent e
« Calculates augmentatlon component 5T & function summary 9 p 52
statistics variance estlmate ko and panlal
and variance estimate Zk ~ s

derivative dy, ;.

LEADING ANALYSIS CENTER (AC)

STEP 3

The leading AC:

« Calculates adaptive weights for the sites
by solving a penalized regression on the
influence function summary statistics

« Calculates the global estimator AT,FACE

« Calculates the 95% CI

Figure S1: Workflow of FACE to construct a global estimator in a federated data setting

8, » = argmin E{((Y, a'X) | A=a,R =k},
acR?

7, = argmin E{exp(y'X) —y'E(X |R€ T) | R = k;}.
yER?

We give a mild set of sufficient conditions for Assumption 2.

Assumption s For absolute constants M, e > 0,
(a) (Design) || X||0o < M almost surely, and all eigenvalues of E(XXT) are in [, M].

(b) (Overlap) Forallk =1,...,.J+ K a=0,1andi € Tj, g(@} X,), ¢ (B, 1 Xi) and exp{y; X;}

arein [€,1 — €| almost surely.
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(c) (Double robustness) For each target site k; € T, at least one of the two models is correctly specified:

-1 the PS model is correct: P(4 = 1| X, R = k;) = g(a;, X);

-ii the OR model is correct: E(Y | X, A = a, R = k,) :g@; 5 X)-

After verifying that Assumptions 1 and s imply the generic Assumption 2, we can apply Theorem 1

in that realization.

Corollary 2. Under the setting of Section 2.3.5 and Assumptions 1 and s, the FACE estimator is consis-

tent and asymptotically normal with consistent variance estimation V,

\/]W (AT,FACE - AT) ~ N(0,1).

B.3 Proors

In this section, we provide proofs for the theoretical statements in the main text. In Sections B.3.1 and
B.3.2, we declare and prove the key preliminary results. We then use these results to prove Theorem
1 and Corollary 1 in Section B.3.3, Corollary 2 in Section B.3.4, Proposition 1 in Section B.3.5 and

Proposition 2 in Section B.3.6

B.3.1  DOUBLE ROBUSTNESS OF A7 7 AND A7y,

We first establish the consistency and asymptotic normality of the initial TATE estimator AT,T and

source site TATE estimator A7, .

Lemma 1 Under Assumptions 1, 2(a)-2(c) and 2(e),

VNT (AT,T - AT) ~ N(0,7 1)
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with asymptotic variance

grr=Va((+&|ReT).

Proof [Proof of Lemma 1]

From the influence function representation in Assumption 2(a)

N - 1
AT —Ar T = Ny Z Z§'+§,T+0p (N_m)a
k€T i€1,

where A7 7 is the asymptotic limit, and the stable variance in Assumption 2(c)
Var({+ & |Re€T) € 2¢,2M],

we have the asymptotic normality of AT,T

VN (A’T,T - AT,T) ~ N(0, 07 7).

Under the typical Assumptions 1(a), 1(b), 1(d) and 2(e), the doubly robust estimator AT,T converges

to the TATE A7 7. Thus, we must have A7 7 = A7

Lemma 2 Under Assumptions 1 and 2(a)-2(c),

Vi (Brp = Br) ~ N (0,5 )
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with AT,/e, = A7 — 5\7”7— + 5\7’,/@ and

0'27,/«; =Var (& |R=4k) +n Z nI;IVar {((X)7, 0], 20) dis | R = ke} .
k€T

Additionally under Assumption 3(a), A1y, = A7 fork, € S'.

Proof [Proof of Lemma 2] From the influence function representation in Assumption 2(a)

~ _ 1 _
b~ bra = 3 o 3 { Btk (X~ B0 | R = A7) o}

n
k€T ke €Ly,

+ni Zékﬂrop (M1/2>

=

and the stable variance in Assumption 2(c) Var (fl L R= /ej) € [e,M] and

n - —
Ve {2y (KT 1) | R = ke < M (PR =k + 0 4B}

we have the asymptotic normality of A7,

VNt (AT,k; - 57,@) ~ N(0,05 ).

Similar to Afr;r, the source site estimator Afr,kj is also doubly robust under Assumptions 1 and
3(a).

When the OR model is consistently estimated under Assumption 3(a)(i) (same as Assumption
2(e)-ii) but the density ratio model and PS model may be mis-specified, we have through classical

asymptotic analysis
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(-1~ :
+ — Z wle,, za }//et ks m{YZ _ }’}’1(141»7 X“;IQA,',/Q)}
lGIk iy 4Ny

(N—l/z) Z PR P(R = kf E{yﬂ) YO X, R =k}

_/et (_1)1—14 B
+;E:T]P> RET) [”’“ (X374, )m{Y—E(Y!A,X)} | R =k

=0
=0, (N_1/2> + AT

In the derivation, we utilized Assumption 1(d) to establish the “= 0” by the identity
E(Y|4,X) =E(Y| 4,X,R = k).

Denote
. P(R=k | X=x)P(R =k)
“iX) = pr = :

4
I
=
=
|
S

which produces the identity

E{wp, 1, X)AX) | R =k} = E{fIX) [ R = ki}.

When the PS and density ratio models are consistently estimated under Assumption 3(a)(ii) but the

OR model may be mis-specified, we have through classical asymptotic analysis

~

AT
np, R A; 1—A4;
= @k, (X3 V4, 1) { — - - } Y;
k[ze;f ZEZI G me (LX) 7, (0, X5 4)
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1 4, .
+ > mLXsy,) Z Ok, (K53 V4, )W”"(Lxﬁﬁm)

o
Z'GI/Q ’ lEIk i Chs

1 1—A4;
- — 0,X;; X — s ——m(0,Xy;
n Z m( ﬂw Z Wk (X3 Vg, 1,) 70, (0, X7 2z, m( ﬂOk)]

l‘GI]el lEIk

1/2 P(R:kt) % A
:OP(M/)+Z[P(R€T)<E{wk”kj(x)ﬁb(‘4:1X,R:/et)Y|R:k[}

k€T

1—4
—Elw; YR =
{w/em/e;(x) P(A -0 ’ X,R _ kt) ‘ kt}

+E{m(1,X;8,;,) —m(0,X:8,,,) | R = k:}

— Elwp, 1, (X){m(1,X:8,,) — m(0,X:8,,)} | R = k:])
=3 R g (g OB | %) | R =k}~ B{af (0RO [ X) | R =)

+0, (z\rl/z)

= A7+ 0, (z\rl/z) .

Therefore in either case 57—7 k= AT. [ |

B.3.2 OPTIMAL AGGREGATION

We next consider the aggregation of the initial A7 7 and the source site A7 . Denote

)T k’h ] - (1)

k€S ks k€T

We define the oracle selection space for 7 as

S*={keS:Ary=A7} RS ={eR 5, =0,V #5}, (2)
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and the asymptotic loss function

= Y g Var(g, [ R=k)/P(R=k)+ > i () Zhi (7)/P(R = k),
k,ES* k€T
.
hi(7) = [P(R=k|RET),P(R=k|ReT)|1- Z T, ,Z it | - (3)
k;€S* k€S

Any combination » € RS” results in a consistent aggregated estimator for the TATE. The asymptot-

ically optimal combination is

7 = argmin L* (7). (4)
7ERS*

In Lemma 3, we establish the asymptotic distribution of the aggregated estimator with fixed » € RS".
In Lemma 4, we show that the estimator 7 recovers the optimal 7. In Lemma s, we show that the

uncertainty from 7 is negligible in estimating A as A7~7 FACE.-

Lemma 3 LetA(;y) = AT,T—i-ijes, T, (AT& — ATJ—) be the aggregation withy € RS, Under

Assumptions 1 and 2, we have
VN{A@) - a7}~ N (0,2(0).

Proof [Proof of Lemma 3] By Lemma 1, the initial estimator AT,T is consistent for A7. According
to the definition of S* (2), ATJ@ is consistent for A7 for k£, € S*. Thus, the weighted average A(;;)
must also be consistent for A7

Next, we establish the asymptotic normality of A (7). From Assumption 2(a), we have the influence

function for A(y)

A(y) — At
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:op(N_1/2>_|_ 1‘2’7/@ ZZZJFET

keS* T keT ez,

b3 Y 3 B (00— B0 | R = BT e |

k,€S* /eIET zEI/e

+Z;7/e ka

k,€S* ks S

=0, (N_1/2>+*Z Z ’7/e

k,eS* i€1,

1 &+ (1 — D hes %) &1
N 2.2 { P(RcT)

k,GTZ'GI/Q
(vX)" —E{y(X) | R =k}, v} v)o) dig }

_l’_

P(R = k)

We defined L*(7) to be precisely the variance of the influence function. To see this, we will show
that L* () is the variance of (1 =Y ,c57;) AT+ Y kes iykAT,k and use the influence function
representation from Assumption 2(a). Denote - = 1 — >, 57, and define the asymptotic ap-

proximation of the aggregation under Assumption 2(a)

ZZ — Gt &r)

/6167- ZGI/e

Z { Z Z { h Z + ) - E{‘%(X) ‘ R= kZ}T7U2—,17UZO> a/ez,k;}
kES kET

t €Ty,

+Zf,€}

lGIk

=9 VN(ATT — My =3r7) + Y 1, VN(AT s — My = 971) + 05(1).
k€S

where we have merged by site and individual indices to obtain the last line. By this alternative repre-

sentation of W(y), it is clear that its variance equals L*(»). Under Assumption 1(c) and 2(c), L*(7)
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is stable
L*(»)
1713 4+ > g e7 Ibg ()15

Further, under Asssumptions 1(c) and 2(a), we have

€ e, M].

e < I ) <2+ Il (14 mag duule ) <

Hence for any bounded 7, L*(7) is finite and nonzero, so we have

VN{A(y) = AT}~ N (0.L°(5)).

|
Lemma 4 Under Assumptions 1 and 2, we have
lim P(7€RS) =1, [l7- 7]l = 0, (N"V2).
Jim PG eR™) =1, (77l =0,
Proof [Proof of Lemma 4] We define 7 as the estimator under oracle selection
j=agminN | "7 "+ > by () ke ()| +2 3 b (ra —drr) - (5)
peRST ges R et & kes

We first show that ||7 — 7|| = O, (N~'/2). Then, we verify that 7 satisfies the optimality condition,
i.e., 7 = #, with high probability. Note that Z() and L*(3) are both quadratic functions of , which

can be expressed as

Lp) =y Hy+g p+¢& L*(p) =y Hyp+g y+c
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Using Assumptions 2(d) and the Chebyshev inequality under Assumptions 2(a) and 2(c), it is clear

that H, g, and ¢ are v/N-consistent. Thus, L(3) — L*(7) =< (1 + ||7]|*)/V'N, since H, g and c are

bounded under Assumptions 2(a) and 2(c).

Under Assumptions 1(c) and 2(d), we have the uniform approximation of the loss in a compact

neighborhood of 7 of §

sup |L(y) — L*(7)] = 0, (N72).
l7—7ll<sm

By Lemmata 1 and 2, we have for £, € &*
S — 14 = Ay — A7y =0, (Z\FW) :

With 2 < N2, the penalty is small in the compact neighborhood of 7

s A kze;s 7] (37 = r7) “—o, (2.

Combining (6) and (7), we have the approximation of the penalized loss

sup  |L(y) +2)_ Iz, (37,@ = 5T,T>2 —L*(y)| =0, (]\FVZ) .

l7—7ll<s k€S

Following the convexity of L* () from Assumption 2(c), we have

17— 7l = 0p (N12).
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The optimality condition of the original problem (2.3.3) is

9 ;
8’7/e

5

9 —sign (7, )2 <§T7kj - ??T,T)Z, M, 7 03 <2 (37,/@ - ;;T,T)Za Th, = 0-

Oy L

Forj € 8%, the conditions are shared with (5), so 7 must satisfy them. To establish the optimality of

7 for (2.3.3), it suffices to show

95

N ~ 2
< — *.
o <2 (bra—dr7) keS\S (8)

By the definition of §*, we have for biased sites

Ok =T, T = Drp — AT #0.

By Lemmata 1 and 2, we have for k, € S\ §*

dra —dr7T =Ars —ArT+ 0, (J\T Y 2)

bounded away from zero. With 1 — 00, the penalty for biased sites diverges for &, € S\ S*

A (5‘7—& — §7j7*>2 — O0. (9)

Under Assumptions 1(c), 2(c) and 2(d), the derivative is tight

0 - 9 12
g9 —0,01).
%IL 6%]: +0, (z\r ) 0,(1) (10)

Combining (9) and (10), we must have (8) with high probability. This implies that 7 satisfies precisely

the optimality condition with high probability. Therefore, we must have 7 = 7 according to the
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convexity of the problem with high probability.

Lemma s Under Assumptions 1 and 2,
\/N{A(Z) — AT,FACE} = op(l).

Proof [Proof of Lemma 5] We decompose the difterence into informative source sites £, € S* and

biased source sites £, € S \ S*

\/JTT{A(?) — AT,FACE} => (- %;)\/ﬁ(AT’/@ - AT’T)

k,€S*

+ Y (G, — ) (AT,/eJ - AT,T) -

kES\S*

By the definition of * (2) and the conclusions of Lemmata 1 and 2, we have the tightness of terms
fork, € S*
VN (Am - AT,T) =0, (J\rl/ 2) .

Applying the conclusion of Lemma 4, we have for k&, € S*
(’7/@ - ’?kj)\/ﬁ(AT,/e; - AT,T> =0, (]\Fl) = op(l)

and fork, € S\ S*
(7, — ’?/ej)\/ﬁ<AT,k,« - AT,T) =0
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with large probability. Therefore, we have obtained

\/X[{A(;}) — ATJ:ACE} = 0p(1).

B.3.3 PRrROOF OF THEOREM 1 AND COROLLARY I

Applying Lemmata 3 and s, we have the asymptotic normality of A7 pack,
VN (A7 pace = A7) ~ N (0,2°(7))

Using the consistency of 7 for 7 and locally uniform convergence of L for L* (see (1)-(4) for the defi-

nitions), we have the consistency of the variance estimator
V= 1() =) + 0, (N?).

By the continuous mapping theorem, we have

\/]W (AT,FACE - AT) ~ N (0,1).

The coverage probability in Corollary 1 immediately follows.

B.3.4 ProOF oF COROLLARY 2

In the main text, we noted that the variance covariance matrix for the target site, X; can be calculated

asas>) = é > T, U, U] through the estimated influence functions, where U; = Z,E, w(X)")T.
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Here, we provide the exact form for £, | and £;.

-1
vig = { Zg X XT} X {d; — g(&/ X))},
ZEIl
—1

vi0 = = Z( ) ( 0,1 )XXT Xi(1—4,) {Yi -4 (A(:,lxl)} )

nt

j€h
- A; AT 1—4; AT
fz‘,l = g(&‘lrxl) {Yl _g(ﬂl,z'Xl')} - m{Y; _g(ﬂo,z'xl')}
-1
4
S s )| (o S 9
]EIl lEZl
X {d:— ¢ (a1 X:)}
1 A; .
J— —_— UZ’,
ﬂT/;Lg(“lxj) ( o ]> 1
1 I—Aj (T
+ - X X 2,05
= 4 &IXj)g ( o j) T

oo
I
S
N
i
z
\_/

“s(fx) + {5 2f (6%)% pou

_] 611

Zg (zgm ) B EZXE

j 611

A~

U, = ([;7 981‘7 ?(Xz')-rv ZAj;!;h ZA/;!—,O)T'

~2 o
. . . ~ | .
For source sites, the variance estimator a'/% can be calculated as U% = Zl‘ezk fl‘,k, where fi7 4 1s

s STX, A; AT 1—-4; AT
£ =X [g(&ZX'){Yi — g8, X))} — m{n —g(ﬂo,ixz')}]

-1

A e tm) Ny ) U ,
Zé‘ {Y} g(rgAj,kXJ>}X] Zg XX

np -
]EZ}e ZGIk

135



Xz' {Az' -4 (&ZXZ)}
A (K )

As Assumption 2 is satisfied, the FACE estimator is consistent and asymptotically normal with

consistent variance estimation V,

\/]W (AT,FACE - AT) ~ N(0,1).

B.3.5 PROOF OF PROPOSITION 1

Since the initial estimator A7-77- corresponds to A(O), the asymptotic variance of \/ZTZ(ATg— —
A7) can be expressed as L*(0) by Lemma 3. By Lemmata 3 and s, the asymptotic variance of
VN(AT face — A7) is L*(7). By the definition of 7 as the minimum, we must have L*(7) < L*(0).
Thus, we have shown the non-inferiority of 57—7 FACE-

To show that L*(7) is strictly smaller than L*(0), it suffices to find another 7, an upper bound for

L*(7) by the definition of 7, such that
L) < () < L*(0). (1)

Without loss of generality, we consider the simplified problem with one source site £y € S ’

Aly)=Arr+y (Am* - AT,T) ~

Under Assumption 3(a), the TATE estimator of the site AT,k* is consistent for A7 and asymptotically

normal by Lemma 2. Thus, A(y) is also consistent for A7 and asymptotically normal with any . The



optimal 7 is given by the projection

NCov (AT,% Arp, — AT,T)

NVar (Afk* — A7’77'>

7« =

We can construct 7 to be 7, for site-k, and zero elsewhere such that A(7) = A(y,). As long as
Cov (57-77, AT@ — Afr;r) # 0, the resulting estimator is different from the initial estimator 7 #
0 = A(3) # A7 7. Under Assumption 1(c) and 2(a), the asymprotic covariance between v NAT

and \/]TZ(AT@ — A7~77~> takes the form

I+&r &r I(R = k) s
v\ BrReT) PRET) +;,IP’(R:@)(¢(X) 01, 00) i | RET

which is bounded away from zero by Assumption 3(b). Thus, we have found the suitable 7 that sep-

arates the asymptotic variance of AT, Face and AT,T through (11).

B.3.6 PROOF OF PROPOSITION 2

Under the ideal setting of Assumption 4, the influence functions of the doubly robust 57-77- and ATJ

admit much simpler forms®® as a result of Neyman Orthogonality *’,
. 1 _ _
A —Ar =0, (Arl/z) + - Z [m(l,)(};ﬁl) —m(0,X;8,) — At
i€y

”(17Xz';551) ”(OaXz’;&l)

ALY —m(LX:8)} (1= A){Yi — m<o,m;ﬁo>}]

- > [m(1,X5:8)) — m(0,X58,) — O]

Aras—Ar =0, <J\F1/Z) +
T i€y

W(17X1'§0_52) 7(07Xz‘§9_‘2)

+ 7113 Z wl,Z(Xi; 7_’1,2) Al'{Y[ — M(LXZ';BI)} (1 — Ai){Yl‘ — M(OJQ;IEO)}] .

i€ly
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The asymptotic variance of the aggregation v/N { (1= A7 +yA75 — AT} takes the form

. N N N
L*(y) = —Vo+ —1—»)*V3+ 772%1%%-

nr nr
Minimizing the quadratic function of 7 give the optimal solution

n3V72—

T nsVE VR

We obtain the relative efficiency through

L*(0) _ V,Z,L/nT—l-V%—/nT - Vf*r
L*(7) Vi /nT + V%—Vé/(m—]{% + ngV%—) V,Z,,V%- + ny (Vi + V72—) Vé/ng'
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Table B.1: Baseline characteristics of veterans in each of five VA sites

Site
1 2 3 4 5
North Atlantic Southwest Midwest Continental Pacific
(ny = 143,076)  (ny =128,792) (n3 =123,228) (ng = 93,822) (ns = 119, 441)

Age (years)

18-49
50-59
60-69
7079
8o or older

12,264 (8.6%)
16,862 (11.8%)
35,709 (25.0%)
59,765 (41.8%)
18,476 (12.9%)

10,064 (7.8%)
16,906 (13.1%)
35,092 (27.2%)
50,839 (39.5%)
15,891 (12.3%)

9,753 (7.9%)
13,299 (10.8%)
29,943 (24.3%)
54,588 (44.3%)
15,645 (12.7%)

9,807 (10.5%)
13,146 (14.0%)
24,670 (26.3%)
36,230 (38.6%)

9,969 (10.6%)

12,936 (10.8%)
13,348 (11.2%)
27,906 (23.4%)
49,522 (41.5%)
15,729 (13.2%)

Sex

Female
Male

11,752 (8.2%)
131,324 (91.8%)

11,821 (9.2%)
116,971 (90.8%)

8,829 (7.2%)
114,399 (92.8%)

9,314 (9.9%)
84,508 (90.1%)

9,897 (8.3%)
109,544 (91.7%)

Race

Asian
Black
White
Other

745 (0.5%
38,146 (26.7%
96,890 (67.7%

)
)
)
7,295 (5-1%)

391 (0.3%
34,064 (26.4%
86,404 (67.1%

7,933 (6.2%

=~

388 (0.3%
20,720 (16.8%

94,769 (76.9%

)
)
)
7,351 (6.0%)

535 (0.6%)
24,182 (25.8%)
61,471 (65.5%)

7,634 (8.1%)

5,062 (4.29%)
15,016 (12.6%)
82,750 (69.3%)
16,613 (13.9%)

Ethnicity

Hispanic
Not Hispanic

5,862 (4.1%)
137,214 (95.9%)

16,768 (13.0%)
112,024 (87.0%)

2,661 (2.2%)
120,567 (97-8%)

9,127 (9.7%)
84,695 (90.3%)

13,938 (11.7%)
105,503 (88.3%)

Urbanicity

Rural
Urban

31,216 (21.8%)
111,860 (78.2%)

25,223 (19.6%)
103,569 (80.4%)

36,551 (29.7%)
86,677 (70.3%)

21,932 (23.4%)
71,890 (76.6%)

20,133 (16.9%)
99,308 (83.1%)

Comorbidities

CLD*

CVD*
Hypertension
T2D

CKD
Autoimmune!

Obesityi

43,186 (30.2%)
40,565 (28.4%)
104,775 (73-2%)
56,641 (39.6%)
25,631 (17.9%)
49,135 (34.3%)
39,626 (27.7%)

39,267 (30.5%)
36,167 (28.1%)
97,584 (75.8%)
52,356 (40.7%)
24,029 (18.7%)
46,313 (36.0%)
37,438 (29.1%)

41,912 (34.0%)
38,512 (31.3%)
92,355 (74.9%)
49,660 (40.3%)
25,261 (20.5%)
45,952 (37.3%)
36,465 (29.6%)

27,124 (28.9%)
25,097 (26.7%)
68,454 (73.0%)
38,585 (41.1%)
17,396 (18.5%)
30,392 (32.4%)
26,526 (28.3%)

30,780 (25.8%)
28,999 (24.3%)
79,986 (67.0%)
42,170 (35.3%)
20,169 (16.9%)
38,870 (32.5%)
31,330 (26.2%)

* Chronic lung diseases (CLD) included asthma, bronchitis, and chronic obstructive pulmonary disease.

** Cardiovascular disease (CVD) included acute myocardial infarction, cardiomyopathy, coronary heart disease,
heart failure, and peripheral vascular disease.
T Autoimmune diseases included HIV infection, rheumatoid arthritis, etc. The full list of ICD-10 codes are
given in the Supplement.

T Obesity was defined as a body-mass index of 30 or greater.
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Table B.2: Baseline characteristics for veterans in each of the five sites in each vaccine group

Site 1: North Adantic Site 2: Southwest Site 3: Midwest Site 4: Continental Site §: Pacific
Pfizer Moderna Pfizer Moderna Pfizer Moderna Pfizer Moderna Pfizer Moderna
(n=69,903) (2 =73,173) (n=60,492) (n=68,300) (n=57,853) (n=657375) (n=47,391) (n=46,431) (n=57,498) (n = 6l,943)
Age (years)
18-49 6,920 (9.9%) 55344 (7.3%) 5,381 (8.9%) 4,683 (6.9%) 5,082 (8.8%) 4,671 (7.1%) 5,449 (11.5%) 4,358 (9.4%) 7,070 (12.3%) 5,866 (9.5%)
50-59 9,180 (13.1%) 7,682 (10.5%) 8,407 (13.9%) 8,499 (12.4%) 6,131 (10.6%) 7,168 (11.0%) 7,207 (15.2%) 5,939 (12.8%) 6,968 (12.1%) 6,380 (10.3%)
60-69 18,442 (26.4%) 17,267 (23.6%) 16,371 (27.1%) 18,721 (27.4%) 13,716 (23.7%) 16,227 (24.8%) 12,513 (26.4%) 12,157 (26.2%) 13,427 (23.4%) 14,479 (23.4%)
7079 27,601 (39.5%) 32,164 (44.0%) 23,196 (38.3%) 27,643 (40.5%) 25,967 (44.9%) 28,621 (43.8%) 17,919 (37.8%) 18,311 (39.4%) 22,990 (40.0%) 26,532 (42.8%)
80 or older 7,760 (11.1%) 10,716 (14.6%) 7,137 (11.8%) 8,754 (12.8%) 6,957 (12.0%) 8,688 (13.3%) 4,303 (9.1%) 5,666 (12.2%) 7,043 (12.2%) 8,686 (14.0%)
Sex
Female 6,379 (9.1%) 5,373 (7.3%) 6,120 (10.1%) 5,701 (8.3%) 4,193 (7.2%) 4,636 (7.1%) 5,155 (10.9%) 4,159 (9.0%) 5,154 (9.0%) 4,743 (7.7%)
Male 63,524 (90.9%) 67,800 (92.7%) 54,372 (89.9%) 62,599 (91.7%) 53,660 (92.8%) 60,739 (92.9%) 42,236 (89.1%) 42,272 (91.0%) 52,344 (91.0%) 57,200 (92.3%)
Race
Asian 479 (0.7%) 266 (0.4%) 224 (0.4%) 167 (0.2%) 196 (0.3%) 192 (0.3%) 323 (0.7%) 212 (0.5%) 2,270 (3.9%) 2,792 (4.5%)
Black 23,632 (33.8%) 14,514 (19.8%) 16,304 (27.0%) 17,760 (26.0%) 11,511 (19.9%) 9,209 (14.1%) 14,866 (31.4%) 9,316 (20.1%) 8,172 (14.2%) 6,844 (11.0%)
White 42,228 (60.4%) 54,662 (74.7%) 40,040 (66.29%) 46,364 (67.9%) 42,516 (73.5%) 52,253 (79.9%) 28,221 (59.5%) 33,250 (71.6%) 39,163 (68.1%) 43,587 (70.4%)
Other 3,564 (5.1%) 3,731 (5.1%) 3,924 (6.5%) 4,009 (5.9%) 3,630 (6.3%) 3,721 (5.7%) 3,981 (8.4%) 3,653 (7.9%) 7,893 (13.7%) 8,720 (14.1%)
Ethnicity
Hispanic 2,929 (4.2%) 2,933 (4.0%) 5,951 (9.8%) 10,817 (15.8%) 1,531 (2.6%) 1,130 (1.7%) 5,062 (10.7%) 4,065 (8.8%) 6,615 (11.5%) 7,323 (11.8%)
Not Hispanic 66,974 (95.8%) 70,240 (96.0%) 54,541 (90.2%) 57,483 (84.2%) 56,322 (97.4%) 64,245 (98.3%) 42,329 (89.3%) 42,366 (91.2%) 50,883 (88.5%) 54,620 (88.2%)
Urbanicity
Rural 11,546 (16.5%) 19,670 (26.9%) 11,701 (19.3%) 13,522 (19.8%) 12,442 (21.5%) 24,109 (36.9%) 8,598 (18.1%) 13,334 (28.7%) 8,538 (14.8%) 11,595 (18.7%)
Urban 58,357 (83.5%) 53,503 (73.1%) 48,791 (80.7%) 54,778 (80.2%) 45,411 (78.5%) 41,266 (63.1%) 38,793 (81.9%) 33,097 (71.3%) 48,960 (85.2%) 50,348 (81.3%)
Comorbidities
CLD 19,423 (27.8%) 23,763 (32.5%) 18,356 (30.3%) 20,911 (30.6%) 18,253 (31.6%) 23,659 (36.2%) 13,031 (27.5%) 14,093 (30.4%) 14,598 (25.4%) 16,182 (26.1%)
CVD 18,573 (26.6%) 21,992 (30.1%) 16,902 (27.9%) 19,265 (28.2%) 17,335 (30.0%) 21,177 (32.4%) 12,546 (26.5%) 12,551 (27.0%) 13,742 (23.9%) 15,257 (24.6%)
Hypertension 49,985 (71.5%) 54,790 (74.9%) 45,094 (74.5%) 52,490 (76.9%) 42,622 (73.7%) 49,733 (76.1%) 34,362 (72.5%) 34,092 (73.4%) 37,453 (65.1%) 42,533 (68.7%)
T2D 26,872 (38.4%) 29,769 (40.7%) 23,884 (39.5%) 28,472 (41.7%) 22,770 (39.4%) 26,890 (41.1%) 19,549 (41.3%) 19,036 (41.0%) 19,841 (34.5%) 22,329 (36.0%)
CKD 12,241 (17.5%) 13,390 (18.3%) 11,287 (18.7%) 12,742 (18.7%) 11,197 (19.4%) 14,064 (21.5%) 8,665 (18.3%) 8,731 (18.8%) 9,542 (16.6%) 10,627 (17.2%)
Autoimmune 22,431 (32.1%) 26,704 (36.5%) 21,898 (36.2%) 24,415 (35.7%) 21,260 (36.7%) 24,692 (37.8%) 14,912 (31.5%) 15,480 (33.3%) 18,228 (31.7%) 20,642 (33.3%)
Obesity 18,799 (26.9%) 20,827 (28.5%) 18,406 (30.4%) 19,032 (27.9%) 16,731 (28.9%) 19,734 (30.2%) 13,168 (27.8%) 13,358 (28.8%) 15,190 (26.4%) 16,140 (26.1%)
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Supplemental Materials for Robust and
Optimal Sensitivity Analysis (ROSA) of

Clinical Trial Designs

OVERVIEW OF SUPPLEMENTARY MATERIALS

The supplementary material includes a table of notation used in the paper.

C.1 NOTATION
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Table C.1: Notation used in ROSA

Notation Description
® £ Unknown parameter space in R?
@ £ Restricted unknown parameter subspace by prior knowledge in R?
@/, £ Restricted unknown parameter subspace by prior knowledge
and fixing certain dimensions in R
©f £ Diffuse and finite unknown parameter subspace in R?
6= (6,..,6;) = d-dimensional vector of unknown parameters
¢ =(4,....0,) £ d-dimensional training vector of unknown parameters
¢ =(&,....04) £ d-dimensional validation vector of unknown parameters
{61,....,0k} = Asetof K sensitivity scenarios
S={,....,0;} = TheROSA set of K sensitivity scenarios optimizing loss £
S, ={6,,....,0k,} = TheROSA set of K sensitivity scenarios optimizing marginal loss £,
f(6) =  R-vector of operating characteristics for unknown parameters ¢
i“(ﬁ) £ Estimated R-vector of operating characteristics for unknown param-
eters ¢
f(6) =  Average across M simulations of the R-vector of operating character-
istics for unknown parameters ¢
$(Zim,%) = Generic function to capture if a null hypothesis has been rejected,
where Z; ,, is the m™ trial under the jtb scenario, §;
L(6),....,0x) = Loss function
Ub,....0x) = Utlity criterion
wi,...,w, = Fixed non-negative weights for operating characteristics fi, ..., fz
wi,wy = Weights for stage 1 and 2 p-values
D[-,-] £ Pre-specified distance metric
2, 2 £ Gaussian noise in iteration 7 of simulated annealing
£, = Acceptance probability in iteration 7 of simulated annealing
To, T1, ... Tt = Decreasing sequence of positive numbers (cooling schedule of simu-
lated annealing)
7 £  Multplicative reduction factor for simulated annealing in (0, 1)
U; £ Random variable distributed Uniform(o,1) for simulated annealing
¢ 2 Enrollment rate in (0, 00)
N, % Planned number of patients on arm 4 = 0, 1 at the final analysis
n, = Planned number of patients on arm 2 = 0, 1 at the interim analysis
S £ Binary auxiliary outcome
Yy £ Primary outcome
Pa = Response probability (Y =1 4 = a)
A=p —po = Treatmenteffecton Y
4. = Response probability (S =1| 4 = a)
£, £ Correlation between Yand Sin 4 =
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