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Abstract

An individualized treatment regime (ITR) is a decision rule that assigns treatments based
on patients’ characteristics. The value function of an ITR is the expected outcome in a
counterfactual world had this ITR been implemented. Recently, there has been increasing
interest in combining heterogeneous data sources, such as leveraging the complementary
features of randomized controlled trial (RCT) data and a large observational study (OS).
Usually, a covariate shift exists between the source and target population, rendering the
source-optimal ITR not optimal for the target population. We present an efficient and
robust transfer learning framework for estimating the optimal ITR with right-censored
survival data that generalizes well to the target population. The value function accommo-
dates a broad class of functionals of survival distributions, including survival probabilities
and restrictive mean survival times (RMSTs). We propose a doubly robust estimator of
the value function, and the optimal ITR is learned by maximizing the value function within
a pre-specified class of ITRs. We establish the cubic rate of convergence for the estimated
parameter indexing the optimal ITR, and show that the proposed optimal value estimator
is consistent and asymptotically normal even with flexible machine learning methods for
nuisance parameter estimation. We evaluate the empirical performance of the proposed
method by simulation studies and a real data application of sodium bicarbonate therapy
for patients with severe metabolic acidaemia in the intensive care unit (ICU), combining a
RCT and an observational study with heterogeneity.

Keywords: covariate shift, data integration, policy learning, semiparametric theory,
transportability

1. Introduction

Data-driven individualized decision making has recently received increasing interest in many
fields, such as precision medicine (Kosorok and Laber, 2019; Tsiatis et al., 2019), mobile
health (Trella et al., 2022), precision public health (Rasmussen et al., 2020) and econometrics
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(Belloni et al., 2017; Athey and Wager, 2021). The goal of optimal ITR estimation is to learn
a decision rule that assigns the best treatment among possible options to each patient based
on their individual characteristics in order to optimize some functional of the counterfactual
outcome distribution in the population of interest, also known as the value function. The
optimal ITR is the one with the maximal value function, and the value function of the
optimal ITR is the optimal value function.

For completely observed data without censoring, one prevailing line of work in the
statistical and biomedical literature uses model-based methods to solve the optimal ITR
problem, such as Q-learning (Robins, 2004; Qian and Murphy, 2011; Laber et al., 2014)
and A-learning (Murphy, 2003; Schulte et al., 2014; Shi et al., 2018). Alternatively, direct
model-free or policy search methods have been proposed recently, including the classification
perspective (Zhang et al., 2012a,b; Zhao et al., 2012; Rubin and van der Laan, 2012) and
interpretable tree or list-based ITRs (Laber and Zhao, 2015; Zhang et al., 2015, 2018a),
among others (Chernozhukov et al., 2019; Colangelo and Lee, 2023). In clinical studies,
right-censored survival data are frequently observed as primary outcomes. Recent extensions
of optimal ITR with survival data have been established in Goldberg and Kosorok (2012);
Cui et al. (2017); Jiang et al. (2017); Bai et al. (2017); Diaz et al. (2018); Zhou et al.
(2023). It is worth noting that learning the optimal ITR is closely linked to the estimation
of conditional average treatment effects, an area that has seen significant growth recently
(Hatt et al., 2022; Guo et al., 2022; Kato et al., 2024; Demirel et al., 2024a).

Researchers have investigated using machine learning algorithms to estimate the optimal
ITR from large classes, which cannot be indexed by a finite-dimensional parameter (Luedtke
and van der Laan, 2016a,b). One typical instance is that the optimal ITR can be learned
from the blip function, which is defined as the additive effect of a blip in treatment on a
counterfactual outcome, conditional on baseline covariates (Robins, 2004); and most existing
regression or supervised learning methods can be directly applied (Kiinzel et al., 2019).
However, the ITRs learned by machine learning methods can be too complex to inform
policy-making and clinical practice; to facilitate the integration of data-driven ITRs into
practice, it is crucial that estimated ITRs be interpretable and parsimonious (Zhang et al.,
2015).

While policy learning and evaluation under distributional shift have been investigated
extensively in the machine learning literature, recently there has been increasing interest
in combining heterogeneous data sources, such as leveraging the complementary features
of RCT data and a large OS (Rudolph and van der Laan, 2017; Yang et al., 2023a). For
example, in biomedical studies and policy research, RCTs are deemed as the gold standard
for treatment effects evaluation. However, due to inclusion or exclusion criteria, data avail-
ability, and study design, the enrolled participants in RCT who form the source sample
may have systematically different characteristics from the target population. Therefore,
findings from RCTs cannot be directly extended to the target population of interest (Cole
and Stuart, 2010; Dahabreh and Hernén, 2019). On the other hand, OSs are often represen-
tative of real-world patient populations, but may be subject to confounding bias. See also
Colnet et al. (2024) and Degtiar and Rose (2023) for detailed reviews. Heterogeneity in the
populations is of great relevance, and a covariate shift usually exists where the covariate
distributions differ between the source and target populations; thus, the optimal ITR for the
source population is not necessarily optimal for the target population. Zhao et al. (2019)
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uses data from a single trial study and proposes a two-stage procedure to derive a robust
and parsimonious rule for the target population; Mo et al. (2021) proposes a distributionally
robust framework that maximizes the worst-case value function under a set of distributions
that are “close” to the training distribution; Kallus (2021) tackles the lack of overlap for
different actions in policy learning based on retargeting; Wu and Yang (2022) and Chu
et al. (2023) develop a calibration weighting framework that tailors a targeted optimal ITR
by leveraging the individual covariate data or summary statistics from a target population;
Sahoo et al. (2022) uses distributionally robust optimization and sensitivity analysis tools
to learn a decision rule that minimizes the worst-case risk incurred under a family of test
distributions. However, these methods focus on continuous or binary outcomes and only
consider a single sample for worst-case risk minimization; the extension to right-censored
survival outcomes within the data integration context has not been studied.

We have the following contributions. We propose a new transfer learning method of
finding an optimal ITR from a restricted ITR class under the super population framework
where the source sample is subject to selection bias and the target sample is representative
of the target population with a known sampling mechanism. Specifically, in our value
search method, the value function accommodates a broad class of functionals of survival
distributions, including survival probabilities and RMSTs.

We characterize the efficient influence function (EIF) (Newey, 1990, 1994) of the value
function and propose the augmented estimator, which involves models for the survival
outcome, propensity score, censoring and sampling processes. The proposed estimator is
doubly robust in the sense that it is consistent if either the survival outcome model or
the models of the propensity score, censoring, and sampling are correctly specified and is
locally efficient when all models are correct. We also consider flexible data-adaptive machine
learning algorithms to estimate the nuisance parameters and use the cross-fitting procedure
to draw valid inferences under mild regularity conditions and a certain rate of convergence
conditions (Semenova and Chernozhukov, 2020; Chernozhukov et al., 2022b).

As we consider a restricted class of I'TRs indexed by a Euclidean parameter 7, we also
establish the cubic convergence rate of 7}, even though its resultant limiting distribution
is not standard, and thus very challenging to characterize. Based on this rate of conver-
gence, we show that the proposed estimator for the target value function is consistent and
asymptotically normal, even with flexible machine learning methods for nuisance parame-
ter estimation. For causal ITR parameters identified by moment functions that depend on
a first step unknown function, the “auto-DML” approach is a promising future direction
(Farrell et al., 2021; Chernozhukov et al., 2022a).

Interestingly, when the covariate distributions of the source and target populations are
the same, i.e., no covariate shift, the semiparametric efficiency bounds of our method and
the standard doubly robust method (Bai et al., 2017) are equal. Moreover, if the true
optimal ITR belongs to the restricted class of ITRs, the standard doubly robust method
can still learn the optimal ITR despite the covariate shift, but only our method provides
valid statistical inference for the value function.
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2. Statistical Framework

2.1 Causal Survival Analysis

Let X denote the p-dimensional vector of covariates that belongs to a covariate space
X C R, A e A= {0,1} denote the binary treatment, and T' € RT denote the survival
time to the event of interest. In the presence of right censoring, the outcome T may not
be observed. Let C' € R" denote the censoring time and A = I{T < C'} where I{-} is the
indicator function. Let U = min{7, C'} be the observed outcome, N(t) = I{U < t,A =1}
the counting process, and Y (t) = I{U > t} the at-risk process.

We use the potential outcomes framework (Splawa-Neyman et al., 1990; Rubin, 1974),
where for a € A = {0,1}, T'(a) is the survival time had the subject received treatment a.
The common goal in causal survival analysis is to identify and estimate the counterfactual
quantity E[y(T'(a))] for some deterministic transformation function y(-). Such transforma-
tions include y(T") = min (7, L) for the RMST with some pre-specified maximal time horizon
L, and y(T) = I{T > t} for the survival probability at time ¢.

Under the standard assumptions (a) consistency: T' = T'(A), (b) positivity: Pr(A =
a|X) > 0 for every a € A almost surely, (c) unconfoundedness: A L {T'(1),7°(0)}|X,
(d) conditionally independent censoring: C' L {T'(1),7(0)}|{X, A}, we can nonparametri-
cally identify E[y(7(a))] by the outcome regression (OR) formula or the inverse probability
weighting (IPW) formula (van der Laan and Robins, 2003).

2.2 ITR and Value Function

Without loss of generality, we assume that larger values of T' are more desirable. Typically
we aim to identify and estimate an ITR d(x) : X — A, which is a mapping from the
covariate space X to the treatment space A = {0, 1}, that maximizes the expected outcome
in a counterfactual world had this ITR been implemented. Suppose D is the class of
candidate ITRs of interest, then define the potential outcome 7'(d) under any d € D by
T(d) =d(X)I'(1)+ (1 —d(X))T(0), and the value function (Manski, 2004) of d is defined
by V(d) = E[y(T(d))]. Then by maximizing V' (d) over D, the optimal ITR is defined by
d°P* = argmaxgep V(d). See Qian and Murphy (2011) for more details.

To estimate the value function, we can use the OR or IPW formulas, and also a doubly
robust method (Bai et al., 2017):

I{A = d(X)}Ay(D)
Pr(A=d(X) | X)Sc(U |4, X)
+ (1= ot )y ) BT 14 = (), x1 )

I{A=d(X)} /Oond(u|A,X)

PrA=d(X)|X) Jy Sc(u]4,X)

Vpr(d) :E{

Ely(T)|T > u, A, X]|,

where S¢(t|a,x) = Pr(C > t|A = a,X = x) is the conditional survival function for the
censoring process, dM¢c(u| A = a,X) = dN¢(u) =Y (u)dAc(u| A = a, X) is the martingale
increment for the censoring process, No(u) = I{U < u,A = 0} and Ac(u|A = a,X) =
—log(Sc(u|A = a,X)). The first term in (1) is the IPW formula, and the augmentation
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terms capture additional information from the subjects who do not receive treatment d,
and who receive treatment d but are censored.

In (clinical) practice, it is usually desirable to consider a class of ITRs indexed by a
Euclidean parameter n = (11, ... ,17p+1)T € RPH! for feasibility and interpretability, which
has become the major trend (Rudin, 2019; Wallace and Moodie, 2015; Chen et al., 2017).
Let V(n) = V(d,). Throughout, we focus on such a class of linear ITRs:

Dy, = {dn : dn(X> = I{UTX >0}, [nps1| = 1},

where X = (1,XT)T, and for identifiability we assume there exists a continuous covariate
whose coefficient has absolute value one (Zhou et al., 2023); without loss of generality, we
assume |np+1| = 1. Therefore, the population parameter n* indexing the optimal ITR is
n" = arg max,c(yerrtii|n,,, =1} V (1), and the optimal value function is V'(1").

Remark 1 Despite that we focus on linear ITRs, we note that our main identification and
semiparametric efficiency results hold for general ITRs. When there is no restrictions on
the ITR class D, Zhang et al. (2012b) have shown that the optimal ITR, determined by
the sign of the conditional average treatment effects (CATEs), equivalently mazximizes the
value function. That is, the optimal ITR only depends on the CATEs, or the conditional
distributions of the outcome given the covariates. But when the ITR class D is restricted,
the optimal ITR would also hinge on the covariate distribution, so we have to account for
the covariate shift. The desirable interpretability and parsimony of linear ITRs can only be
achieved at the expense of making suboptimal decisions for some individuals. Maronge et al.
(2023) propose a reluctant additive model for interpretable nonlinear ITRs, which addresses
the tension between interpretability and accuracy of treatment decisions. To prevent the
estimated optimal ITR from being suboptimal or even detrimental to certain disadvantaged
subpopulations, Fang et al. (2023) propose new fairness criteria that guarantee the tail
performance exceed a prespecified threshold. We leave it for future research to integrate
these methods into our transfer learning framework.

2.3 Transfer Learning

If we understand the conditional average treatment effects and, consequently, the optimal
individualized treatment rule (ITR) for all values of X, concerns related to covariate shift
become irrelevant. We advocate for the adoption of a transfer learning framework for two
primary reasons: 1) As highlighted in the preceding section, simplicity in ITRs is often
favored in practical scenarios. However, the efficacy of such an ITR might be compromised
by covariate shifts, where there is a discrepancy in population distributions (Sugiyama and
Kawanabe, 2012). 2) Our goal extends beyond merely identifying the optimal ITR; we
are also keen on estimating and conducting inference on the value function for the target
population. This step is crucial for assessing the effectiveness of the ITR before its practical
application.

Instead of minimizing the worst-case risk over a single data sample, here we combine
the source and target samples. This is a common practice in many clinical settings, for
instance generalizing an active-controlled trial’s intention-to-treat effect where only baseline
covariates are measured, from historical trial data where complete information is available
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(He et al., 2024). Suppose that a source sample of size n and a target sample of size m
are sampled independently from the target super population with different mechanisms.
Let Is and I denote the indicator of source and target samples, respectively. Typically,
the source data may originate from a randomized controlled trial (RCT), and thus it may
be considered as sampled with a selection bias, meaning that its distribution differs from
that in the broader target population. Frequently, the target data is uniformly sampled
(or with known design weights) from this broader target population, ensuring that their
distributions align. However, our approach of integrating two data sources enables us to
introduce innovative weighting schemes or designs aimed at enhancing generalization.

More formally, a covariate shift means that Pr(Ig = 1|X) # Pr(Ir = 1| X). In the
source sample, independent and identically distributed (i.i.d.) data Oy = {X;, A;,U;, Ay, Is; =
1,I7; = 0}, are observed from n subjects; in the target sample, it is common that only
the covariates information is available, so i.i.d. data O = {X;,Ig; = 0,Ip; = l}f:tﬁ_l are
observed from m subjects.

In this framework, we assume that the source and target sampling mechanisms are
independent, which holds if two separate studies are conducted independently by different
research projects in different locations or in two separate time periods, and the target
population is sufficiently large. In the context of combining the RCT and observational
study, this framework corresponds to the non-nested study design (Dahabreh et al., 2021).

Remark 2 We consider the two independent samples from a (target) super population that
describes the distribution of all subjects of interest to whom we intend to assign the treat-
ment. We present the identification formulas in Section 3; however, we do not require N to
be fized and known. Equivalently, it is also possible to assume a pooled population consisting
of a source population and a target population, and similar identification formulas can be
proposed based on the density ratio of the two populations. Given the sampling mechanism
of our data structure, we have that n and m scale at the same rate. So in our main asymp-
totic analysis, we can simply let n,m — oo. In the Appendiz F, we analyze the asymptotic
properties of our proposed methods when m or n diverges faster.

3. Methodology

3.1 Identification and Semiparametric Efficiency

To identify the causal effects from the observed data, we make the following assumptions.

Assumption 1 (a) T = T(A) almost surely. (b) Pr(A =a|X,Is = 1) > 0 for every a
almost surely. (c) A L {T(1),T(0)}|{X,Is =1}. (d) C L{T(1),T(0)}|{X, A, Is = 1}.
(e) The transformation y(-) admits a mazimal horizon 0 < h < oo, such that y(t) = y(h)
forallt>h. Pr(C<h|X,A Ig=1)<1.

Assumption 1 includes the standard assumptions as we have introduced in Section 2.1.
Here we only assume them in the source population. Assumption 1 (a) implies that the
observed outcome is the potential outcome under the actual assigned treatment. Assump-
tion 1 (b) states that each subject has a positive probability of receiving both treatments.
Assumption 1 (c) requires that all confounding factors are measured so that treatment as-
signment is as good as random conditionally on X. Assumption 1 (d) essentially states
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that the censoring process is non-informative conditionally on X. Furthermore, we require
additional assumptions for the source and target populations. Assumption 1 (e) says that
the transformation is indifferent to survival beyond some maximal time horizon.

Assumption 2 (Survival mean exchangeability) E[y(T(a))|X,Is = 1] = E[y(T(a)) | X]
for every a € A.

Assumption 3 (Positivity of source inclusion) 0 < Pr(lg=1|X) < 1 almost surely.

Assumption 4 (Known target design) The target sample design weight e(z) = n7.'(z) =
1/Pr(Ir =1|X = z) is known by design.

Assumption 2 is similar to the mean exchangeability over trial participation (Dahabreh
et al., 2019), and is weaker than the ignorablility assumption (Stuart et al., 2011), i.e.,
Is L {T(1),7(0)} | X. Assumption 3 states that each subject has a positive probability to
be included in the source sample, and implies adequate overlap of covariate distributions
between the source and target populations. This can be a strong assumption in practice.
When Assumption 3 is violated, generalization can only be made to a restricted population
without extrapolation. So it would help to first identify the population where we can
generalize (e.g. trial eligibility criteria). One can fit a propensity score model and trim the
extreme values to ensure positivity is not violated (Yang and Ding, 2018). However, it shifts
the target population and complicates the estimation and inference procedure, so we leave it
for future work. Another line of research focuses on falsification tests (Hussain et al., 2022,
2023; Demirel et al., 2024b), which may serve as alternatives of Assumption 3. Assumption
4 is commonly assumed in the survey sampling literature; thus the design-weighted target
sample is representative of the target population. In an observational study with simple
random sampling, we have e(x) = 1/Pr(Ip = 1).

Under this framework, we have the following key identity that for any g(X)

I
B || = Bl e009(0)] = Bl (2

where mg(X) = Pr(Is = 1| X) is the sampling score.

Proposition 3 (Identification formulas) Under Assumptions 1 - 4, the value function
V(d) can be identified by the outcome regression formula:

V(d) = E[I7 e(X)E[y(T)| A = d(X), X, Is = 1], (3)
and the IPW formula:

ms(X)  ma(X)  Sc(U|A,X)]

V(d) =E

where mg(X) = d(X)ma(X) + (1 — d(X))(1 — w4(X)) with the propensity score wa(X) =
Pr(A=1|X,Is=1), and Sc(t|a,z) = Pr(C >t|A=a,X =2,Is=1).
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Based on the identification formulas (3) and (4), we can construct plug-in estimators for
V(d), using the sampling score mg(X) or design weights e(X) to account for the sampling
bias. By the identity (2), the design weights I e(X) in the OR formula (3) with the target
sample can also be replaced by the inverse of sampling score Is/mg(X) using the source
sample. However, these estimators are biased if the posited models are misspecified, and
extreme weights from mg, 74 and S¢ usually lead to large variability.

The simple plug-in estimators based on the formulas (3) and (4) are only consistent
when the corresponding models are correctly specified, which is often unrealistic in practice.
Therefore, we consider a more efficient and robust approach, motivated by the efficient
influence function for V(d). We use semiparametric efficiency theory to understand the
lower bound and statistical difficulty of estimating the target parameter V (d). By the EIF,
we can construct the optimally efficient estimator, i.e. the one with smallest variance among
all regular and asymptotically linear estimators. Such estimators have also been shown to
have desirable robustness against model misspecification. We refer to Kennedy (2022) for
more details.

Proposition 4 Under Assumptions 1 - 4, the efficient influence function of V (d) is

Is HA=d(X))  Ay()
ms(X)  ma(X)  Sc(U]AX)
Is I{A=d(X)}
# (e - 2T e, x) o)
Is I{A d }/ dMe(u| A, X)
ms(X) Sc(u| A, X)

bq = - V(d)

Qu, A, X).

where p(a,z) =E[y(T)|A=a,X =x,Ig =1] and Q(u,a,x) =E[y(T) |T > u, A =a, X =
r,lg=1]1

The semiparametric EIF guides us in constructing efficient estimators combining the
source and target samples. Compared to (1), this EIF captures additional covariates infor-
mation from the target population via the outcome model and thus removes the sampling
bias. An efficient estimation procedure is proposed in the next section, and we show that
it enjoys the double robustness property, i.e., it is consistent if either the survival outcome
models p(a,x),Q(u,a,x) or the models of propensity score m4(x), sampling score mg(x)
and censoring process Sc(t|a,x) are correct. Moreover, this EIF is Neyman orthogonal
in the sense discussed in Chernozhukov et al. (2018). Therefore, a cross-fitting procedure
is also proposed, allowing flexible machine learning methods for the nuisance parameters
estimation, and /n rate of convergence can be achieved.

3.2 An Efficient and Robust Estimation Procedure

In this section, we focus on estimating the survival function Sy(t) = Pr(T'(d) > t) as the
value function under ITR d. Following the asymptotic linear characterization of survival
estimands in Yang et al. (2023b), our results are readily extended to a broad class of

1. Note that E[y(T) | T > u, A, X] = — [ y(s)dS(s| A, X)/S(u| A, X). For instance, when y(T') = I{T >
t}, we have E[y(T )|T2uAX] (t|AX)/S( | A, X) for u < t.



TRANSFER LEARNING SURVIVAL ITR

functionals of survival distributions. For instance, the value function of the RMST under
ITR d is simply [, S4(t)dt
Based on the EIF (5), we propose an estimator for the survival function

Co 1 & Is HA=d(X)) AYi()

Salt) = n+m ; {fTs(Xi) Ta(Xi)  So(t] As, Xi)

Is; I{A d(Xi)}

SR e )se1a=acx).x) @

s
Is; I{A —d }/ t’AZ,X)dMC(u]AZ,X
s (Xi) U|AzaX)SC(u|AZaX) 7

+ (IT,i e(Xi) —

where S(t|a,z) = Pr(T" > t|A = a,X = z,Ig = 1) is the treatment-specific con-
ditional survival function. We posit (semi)parametric models for the nuisance param-
eters. Let m4(X;60) be the posited propensity score model, for example, using logistic
regression logit{m(X;0)} = 0#TX, where logit(x) = log{x/(1 — x)}. We use the Cox
proportional hazard model A(t|A = a,X = x) = Ag(t) exp(BLz) to estimate the sur-
vival functions S(t|a,z) = exp{—A(t|a,z)} and the cumulative baseline hazard function
Ao o(t) fo Xo,q(u)du can be estimated by the Breslow estimator (Breslow, 1972). Simi-
larly, we posit a Cox proportional hazard model for the censoring process A¢(t|A =a, X =
7) = Acoa(t) exp(alx), and the cumulative baseline hazard function Acg,(t) is estimated
by the Breslow estimator. The sampling score estimation is discussed in the next section.
Let S(t;n) = Sdn (t) be the estimated value function for the ITR class D,,, then the

optimal ITR is given by dj(z), where 1) = arg max,, S’(t; n).

3.3 Calibration Weighting

To correct the bias due to the covariate shift between populations, most existing methods
directly model the sampling score (Cole and Stuart, 2010), i.e., inverse probability of sam-
pling weighting (IPSW). However, the IPSW method requires the sampling score model to
be correctly specified, and it could also be numerically unstable. Alternatively, we introduce
the calibration weighting (CW) approach motivated by the identity (2), which is similar to
the entropy balancing method (Hainmueller, 2012).

Let g(X) be a vector of functions of X to be calibrated, such as the moments, interac-
tions, and non-linear transformations of X. Fach subject ¢ in the source sample is assigned
a weight ¢; by solving the following optimization task:

min Z ¢i10g gi, (7)

n
subject to ¢; > 0, ZQi =1, ag(Xi) =g, (8)
=1 =1

where g§ = Y7 e(X;)g(Xi)/ Sr0o e(X;) is a design-weighted estimate of E[g(X)].
The objective function (7) is the negative entropy of the calibration weights, which ensures
that the empirical distribution of the weights is not too far away from the uniform, such that
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it minimizes the variability due to heterogeneous weights. The final balancing constraint
in (8) calibrates the covariate distribution of the weighted source sample to the target
population in terms of g(X). By introducing the Lagrange multiplier A, the minimizer of the
optimization task is ¢; = exp{ATg(X;)}/ 32", exp{A\Tg(X;)}, where A solves the estimating
equation Y 1, exp{A\Tg(X;)}{g(Xi) — &} = 0. Since we only require specifying g(X),
calibration weighting avoids explicitly modeling the sampling score and evades extreme
weights.

Moreover, suppose that the sampling score follows a loglinear model 7g(X;\) = exp{)\TX 1,
Lee et al. (2021, 2022) show that there is a direct correspondence between the calibration
weights and the estimated sampling score. We also note that if the fraction Pr(lg = 1) is
small, the loglinear model is close to the widely used logistic regression model; our simula-
tion studies show the robustness of calibration weights.

Remark 5 Other objective functions can also be used for calibration weights estimation.
Chu et al. (2023) considers a generic convex distance function h(q) from the Cressie and
Read family of discrepancies (Cressie and Read, 1984). Thus the optimization task is
ming, . g, > iy h(¢;) under the constraints (8), and the correspondence between the sam-
pling score model mg and the objective function h has also been established.

3.4 Cross-Fitting

Utilizing the Neyman orthogonality of EIF (5), we consider flexible machine learning meth-
ods for estimating the nuisance parameters, where we want to remain agnostic on modeling
assumptions for the complex treatment assignment, survival, and censoring processes. There
is extensive recent literature on nonparametric methods for heterogeneous treatment effect
estimation with survival outcomes. Cui et al. (2023) extends the generalized random forests
(Athey et al., 2019) to estimate heterogeneous treatment effects in a survival and observa-
tional setting. See Xu et al. (2023) for details and practical considerations. A description
of the proposed cross-fitting procedure is given below (Schick, 1986; Chernozhukov et al.,
2018). Throughout, we use the subscript C'F to denote the cross-fitted version.

Algorithm 1 Pseudo algorithm for the cross-fitting procedure

Step 1 Randomly split the datasets Os and O, respectively into K-folds with equal size
such that O, = Ui(:lOS,k,(’)t = U,i{:l(’)t,k. For each k € {1,...,K}, let O =
OS\OS,IC7 O?,k = Os\ot,k

Step 2 For each k € {1,..., K}, estimate the nuisance parameters only using data O,

and Of ; then obtain an estimate of the value function V(;Rk (n) using data Og
Step 3 Aggregate the estimates from K folds: Vop(n) = % Zszl VCF’k(n)

Step 4 The estimated optimal ITR is indexed by 7) = arg max,, ch(n)

10
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4. Asymptotic Properties

In this section, we present the asymptotic properties of the proposed methods. To establish
the asymptotic properties, we require the following assumptions.

Assumption 5 (i) The value function V (n) is twice continuously differentiable in a neigh-
borhood of n*. (ii) There exists some constant &y > 0 such that Pr(0 < |XTn| < ) = O(6),
where the big-O term is uniform in 0 < & < dg.

Condition (i) is a standard regularity condition to establish uniform convergence. Similar
margin conditions as (ii), which state that Pr(0 < |y(X)| < §) = O(§%) 2, are often
assumed in the literature of classification (Tsybakov, 2004; Audibert and Tsybakov, 2007),
reinforcement learning (Farahmand, 2011; Hu et al., 2025) and optimal treatment regimes
(Luedtke and van der Laan, 2016a; Luedtke and Chambaz, 2020), to guarantee a fast
convergence rate. Note that & = 0 imposes no restriction, which allows (X) = 0 almost
surely, i.e., the challenging setting of exceptional laws where the optimal ITR is not uniquely
defined (Robins, 2004; Robins and Rotnitzky, 2014), while the case o = 1 is of particular
interest and would hold if «(X) is absolutely continuous with bounded density.

Theorem 6 Under Assumptions 1 - &5 and standard regularity conditions provided in the
Supplementary Material, if either the survival outcome model, or the models of the propen-
sity score, the sampling score and the censoring process are correct, we have that as n,m —

00, (i) S(t;n) — S(t;n) for anyn and 0 < t < L; (ii) /n + m {S’(t; n) — S(t; n)} converges
weakly to a mean zero Gaussian process for any n; (iii) (n +m)Y3 || —n*|l, = Op(1);
(iv) /n+m {S’(t; n) — S(t; 77*)} — ./\/(0,0’?71), where o041 15 given in the Supplementary
Material.

Next, to characterize the asymptotic behavior of the estimator with the nonparametric
estimation of nuisance parameters, we assume the following consistency and convergence
rate conditions of the nonparametric plug-in nuisance estimators.

Assumption 6 Assume the following consistency conditions: ||Ta(x) — wa(x)||2 = op(1),
|7s(x) —ms(z)|l2 = 0p(1), and for a = 0,1,

Aolula,X)  Ao(u]a,X)

sup HS’C(U la,X) — Sc(u]a, X)H = 0p(1),sup
u<h 2 u<lh

= op(1),

Sc(ula,X) Sc(ula,X)

L
Qu,a,X) — Q(u,a,X)H = op(1),

1i(a, X) — p(a, X)[l2 = 0p(1), sup
u<h

and the following rate of convergence conditions: ||Fa(x) — wa(x)||l2 = 0p(n~Y4), ||7s(x) —
75(x)||2 = op(n~Y4), and for a = 0,1,

5\0(U|(I,X) )\C(u|a7X)

S S, ,X)-S X)) = /4 g . _ _ —1/4y
sup Sl ) = Setwla, )|, = ontn”th s |22 PO - e )| = Y
Ia, X) = (e X2 = o(n™%), sup | Q(u 0, X) = Quw, 0, X) |, = ofn™/%)

2. Let v(X) =E[T|A=1,X] —E[T|A =0, X] denote the conditional average treatment effect, then the
optimal ITR in an unrestricted class is given by d(X) = I'{(X) > 0}.

11
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The rate conditions in Assumption 6 are generally assumed in the literature (Kennedy,
2022). This rate can be achieved by many existing methods under certain structural assump-
tions on the nuisance parameters. Note that the nuisance parameters do not necessarily
need to be estimated at the same rates n=/% for our theorems to hold; it would suffice that
the product of rates of any combination of two nuisance parameters is n=1/2,

Theorem 7 Under Assumptions 1 - 6, we have that as n,m — oo, (i) S’CF(t; n) —
S(t;m) for any m and 0 < t < L; (ii) M{S’CF@; n)fS(t;n)} converges weakly
to a mean zero Gaussian process for any n; (i) (n + m)Y3||f — n*la = Oy(1); (iv)
Vn+m {SCF(t; n) — S(t; 77*)} — N(0, 03,2), where 019 1s given in the Supplementary Ma-
terial.

Besides the survival functions, another common measure of particular interest in survival
analysis is the RMST. Let Vrmst(n) = E[min(7'(d,), L)]. We present two corollaries.

Corollary 8 Under Assumptions 1 - 5 and standard reqularity conditions provided in the
Supplementary material, if either the survival outcome model or the models of the propen-
sity score, the censoring and sampling processes are correct, we have that as n,m — oo, (i)

Vimst(n) = Vamsr(n) for anyn; (i) (n+m)'3|a—n*|la = Op(1); (iii) i+ m {VRMST(ﬁ) - VRMST(ﬁ*)} —
N(0, G%), where og is given in the Supplementary Material.

Corollary 9 Under Assumptions 1 - 6, we have that as n,m — oo, (i) VRMST,CF(U) —

Viws(n) for anyn; () (ntm) /2 ii—n* s = Op(1); (i) i &1 { Vissr.c (i) — Vs } =
N(0,0%), where o4 is given in the Supplementary Material..

Finally, we show that when the covariate distributions of the source and target popula-
tions are the same, the semiparametric efficiency bounds of Vpr(n) and Vop(n) are equal.

Theorem 10 Under Assumptions 1 - 6, when the covariate distributions of the source and

target populations are the same, both /n{Vpr(n) =V (n)} and /i + m{Ver(n)—V(n)} are
asymptotically normal with mean zero and same variance.

Theorem 10 implies that when there is no covariate shift, our proposed estimator does
not lose efficiency in comparison to the original double robust estimator since the augmen-
tation term in EIF (5) from the target population, I7e(X)u(d(X),X), is asymptotically
equal to this term evaluated on the source population in this case.

Moreover, when the covariate shift exists, we consider the optimal ITR d°P' without
restriction on the ITR class.

Theorem 11 Under Assumptions 1 - 6, If d°P' € Dy, i.e., d°P' = d,~, both the mazimizers
of Vbr(n) and Vor(n) converge to n*. However, Vpr(n) is a biased estimator of V(n).

Theorem 11 implies if the true optimal ITR belongs to the restricted ITR class D,,
standard methods, without accounting for the covariate shift, are still able to recover the
optimal ITR but fail to be consistent for the value function, due to the covariate shift. And
we can only rely on the proposed method to draw valid inferences.

12
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5. Simulation

In this section, we investigate the finite-sample properties of our method through extensive
numerical simulations. The R code to replicate all results is available at https://github.
com/panzhaocoo/transfer-learning-survival-ITR. Consider a target population of sam-
ple size N = 2x 10°. The covariates (X1, X2, X3)” are generated from a multivariate normal
distribution with mean 0, unit variance with corr(Xi, X3) = 0.2 and all other pairwise cor-
relations equal to 0, and further truncated below —4 and above 4 to satisfy regularity con-
ditions. The target sample is a random sample of size m = 8000 from the target population.
The sampling score follows 7g(X) = expit(—4.5 — 0.5X; — 0.5X5 — 0.4X3); thus the source
sampling rate is around 1.6%, and the source sample size around n = 3000. The treatment
assignment mechanism in the source sample follows m4(X) = expit(0.5 + 0.8X; — 0.5X>).

The counterfactual survival times T'(a) are generated according to the hazard functions
At|A=0,X)=exp(t) - exp(—2.5 — 1.5X; — X2 —0.7X3) and A\(t|A = 1,X) = exp(?) -
exp(—1— X7 —0.9X5 — X3 —2X35+ X1 X3). The censoring time C is generated according to
the hazard functions A¢(t| A =0, X) = 0.04exp(t) -exp(—1.6+0.8X; —1.1X> —0.7X3) and
Ae(t|A=1,X)=0.0dexp(t) -exp(—1.8 —0.8X; — 1.7X5 — 1.4X3). The resultant censoring
rate is approximately 20%.

We consider the RMST with the maximal time horizon L = 4 as the value func-
tion. To evaluate the performance of different estimators for optimal ITRs, we compute
the corresponding true value functions and percentages of correct decisions (PCD) for
the target population. Specifically, we generate a large sample with size N =1x10°
from the target populatlon The true value function of any ITR d(-; n) is computed by

V(n) =Nt ZZ 1 mln{d( mT;(1) + (1 — d(X;; ))T;(0), L} and its associated PCD is
computed by 1 - N1 Zl 1 |d(XZ, n*) —d(X;; n)|, where 77 = arg max, V(n).
We compare the following estimators for the RMST V fo (t;m)dt:

SvNaive( _ 1 Z’L . IH{A;=d(X:)}  AYi(t)

° ive: =
Naive 7a(X))  Bo(U]| AX)

IPW formula (4) without using

the sampling score;

o IPSW: SPSW (1) = 15~ | ﬂslf)é I{‘é;d:(;ig)(i)} SC?UT;)X)’ IPW formula (4) where the

sampling score is estimated via logistic regression;

o CW-IPW: SOW-IPW (3. )y = 577 ¢, I{f;i;glg)(i)} gﬁ&}f?){) IPW formula (4) where the

sampling score is estimated by calibration weighting;

o CW-OR: SOW-OR(1: )y = S 4, S(t| A = d(X;), X;i); OR formula (3) in combination
with calibration weights by the identity (2);

e ORt: SORt(t;p) = Ly S(t|A = d(X;), X;); OR formula (3) evaluated on the
target sample;

e ACW: augmented estimator (6), where the sampling score is estimated by calibration
weighting.

Remark 12 Since the estimated value functions are non-conver and non-smooth, multiple
local optimal may exist in the optimization task, and many derivatives-based algorithms do

13
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not work for this challenging setting. Here we utilize the genetic algorithm implemented
in the R package rgenoud (Mebane Jr. and Sekhon, 2011), which performs well in our
numerical experiments. We refer to Mitchell (1998) for algorithmic details.

5.1 (Semi)parametric Models

We first consider the setting where the nuisance parameters are estimated by posited
(semi)parametric working models as introduced in Section 3.2. To assess the performance
of these estimators under model misspecification, we consider four scenarios: (1) all models
are correct, (2) only the survival outcome model is correct, (3) only the survival outcome
model is wrong, (4) all models are wrong. For the wrong sampling model, the weights are
estimated using calibration on eX!. The wrong propensity score model is fitted on e*?. The
wrong Cox models for survival and censoring times are fitted on (eX1,eX2, eX3)T,

Figure 1 and Table 1 report the simulation results from 350 Monte Carlo replications.
Variance is estimated by a bootstrap procedure with B = 200 bootstrap replicates. The
proposed ACW estimator is unbiased in scenarios (1) - (3), and the 95% coverage probabil-
ities approximately achieve the nominal level, which shows the double robustness property.
In comparison, the bias of the regression based methods is 10 times larger than our proposed
method when the outcome model is misspecified, and the bias of the weighting based meth-
ods is 100 times larger than our proposed method when the models for sampling, treatment
assignment and censoring are wrong.

Table 1: Numerical results under four different model specification scenarios. Bias is the
empirical bias of point estimates; SD is the empirical standard deviation of point
estimates; SE is the average of bootstrap standard error estimates; CP is the
empirical coverage probability of the 95% confidence intervals.

Bias SD SE  CP(%) Bias SD SE  CP(%)
O:T /ST, AT, C:T O:T / SSW, A:W, C:W
Naive —0.8801 0.4595 0.2189 7.43 —0.3528 0.5024 0.4598 37.43
IPSW 0.0185 0.3685 0.2562 87.14 0.3377 0.7144 0.6958  98.29
CW-IPW  0.0378 0.3701 0.2498  88.29 0.3406  0.7144 0.6957 97.71
CW-OR 0.0047 0.0273 0.0286  96.29 —0.1312 0.0269 0.0279 0.57
ORt 0.0041  0.0258 0.0262 95.14 0.0035 0.0258 0.0262 95.71
ACW 0.0070  0.0380 0.0369 94.29 0.0055 0.0316 0.0334 95.43
O:W /ST, AT, C:T O:W / S:W, A:W, C:W
Naive —0.8801 0.4595 0.2207 6.86 —0.3528 0.5024 0.5018  38.57
IPSW 0.0185 0.3685 0.2486  87.71 0.3377 0.7144 0.7586  99.14
CW-IPW  0.0378 0.3701 0.2418 88.86 0.3406  0.7144 0.7570  98.57
CW-OR 0.0103 0.0370 0.0362 92.29 —0.2551 0.0366 0.0391 0.00
ORt 0.0094 0.0365 0.0355 94.00 0.0115 0.0328 0.0355 95.71
ACW —0.0010 0.0426 0.0419 93.14 0.2644  0.0422 0.0475 0.57
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Figure 1: Boxplot of the estimated value, true value and PCD results of estimators under
four model specification scenarios. O: survival outcome, S: sampling score, A:
propensity score, C: censoring; T: True (correctly specified) model, W: Wrong
(misspecified) model.
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5.2 Flexible Machine Learning Methods

When utilizing flexible ML, methods, we construct the cross-fitted ACW estimator as in-
troduced in Section 3.4. The data generation process is the same as above, except that
the censoring time C' is generated according to the hazard functions Ac(t|A = 0,X) =
0.2exp(t)-exp(—1.6+0.8X; —1.1X5—0.7X3) and \¢(t| A =1,X) = 0.2exp(t) -exp(—1.8 —
0.8X; — 1.7Xy — 1.4X3) which leads to an increased censoring rate of approximately 33%,
so there are enough observations to get an accurate estimate of the censoring process. The
propensity score is estimated by the generalized random forest. The conditional survival and
censoring functions are estimated by the random survival forest. The calibration weighting
uses calibration on the first- and second-order moments of X.

First, we study the impact of sample sizes on the performance of the ML methods, and
simulation results are given in the Supplementary Material. With a small sample size, the
ACW estimator is largely biased, and the bias diminishes as the sample size increases.

Next, we compare the performance of different estimators with target population size
N = 6 x 10° and target sample size m = 24000. Figure 2 shows the simulation results from
200 Monte Carlo replications. The two IPW-based estimators are biased and perform poorly
due to the large variability of weights. The two OR-based estimators have comparable
performance as the ACW estimator in terms of PCD and true value function but still
suffer from the overfitting bias. Only the ACW estimator is consistent and provides valid
inferences.

6. Real Data Analysis

In this section, to illustrate the proposed method, we study the sodium bicarbonate therapy
for patients with severe metabolic acidaemia in the intensive care unit by leveraging the
RCT data BICAR-ICU (Jaber et al., 2018) and the observational study (OS) data from
Jung et al. (2011). Specifically, we consider the BICAR-ICU data as the source sample and
the observational study data as the target sample. The BICAR-ICU is a multi-center, open-
label, randomized controlled, phase 3 trial between May 5, 2015, and May 7, 2017, which
includes 387 adult patients admitted within 48 hours to the ICU with severe acidaemia.
The prospective, multiple-center observational study was conducted over thirteen months
in five ICUs, consisting of 193 consecutive patients who presented with severe acidemia
within the first 24 hours of their ICU admission. Some heterogeneity exists between the
two populations.

Both the RCT and OS datasets contain detailed measurements of ICU patients with
severe acidaemia. Motivated by the clinical practice and existing work in the medical liter-
ature, we consider ITRs that depend on the following five variables: SEPSIS, AKIN, SOFA,
SEX, and AGE. A detailed description of the data preprocessing and variable selection is
given in the Supplementary Material. Table 2 summarizes the baseline characteristics of the
two datasets. The baseline covariates distribution of the patients in the BICAR-ICU differs
from the distribution in the observational study; specifically, the BICAR-ICU patients have
higher SOFA scores and the more frequent presence of acute kidney injury and sepsis.

We apply our proposed ACW estimator to learn the optimal ITR for the target popu-
lation. The calibration weights are estimated based on the means of continuous covariates
and the proportions of the binary covariates. The propensity score is estimated using a
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Figure 2: Boxplots of the estimated value, true value, and PCD of different estimators using
flexible ML methods.
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Table 2: Summary of baseline characteristics of the BICAR-ICU trial sample and the OS
sample. Mean (standard deviation) for continuous and number (proportion) for
the binary covariate.

SEPSIS AKIN SOFA SEX AGE
BICAR-ICU (n = 387) 236(60.98%) 181 (46.77%) 10.12(3.72) 237(61.24%) 63.95 (14.41)
0S (m = 193) 99(51.30%)  75(38.86%) 9.10(4.54) 122(63.21%) 62.73 (17.49)

logistic regression model, and the Cox proportional hazard model is fitted for the survival
outcome with all covariates. The censoring only occurred on the 28th day when the follow-
up in ICU ends. We consider the class of linear ITRs that depend on all five variables D =
{I{n1 + n2SEPSIS + n3 AKIN + n4SOFA + n5SEX + nsAGE > 0} : 1,...,m6 € R, |ng| = 1},
with the aim to maximize the RMST within 28 days in ICU stay. The estimated parame-
ter indexing the optimal ITR is fiacw = (22.9, —36.1,87.4, —9.8,33.7,1.0)7, which leads to
an estimated value function V(facw) = 19.52 days, with confidence interval [17.74,21.30]
given by 200 bootstraps. In contrast, we also use the standard double robust method to esti-
mate the optimal ITR for the RCT, indexed by #ipr.rcT which maximize the value function
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Vor(n) in (1) with y(7) = min(7, 28). The estimated value function is V (ipr.rcT) = 15.37
days for the target population.

7. Discussion

In this paper, we present an efficient and robust transfer learning framework for estimating
optimal ITR with right-censored survival data that generalizes well to the target popula-
tion. The proposed method can be improved or extended in several directions for future
work. Construction and estimation of optimal ITRs for multiple decision points with cen-
sored survival data are challenging, taking into account the timing of censoring, events and
decision points (Jiang et al., 2017; Hager et al., 2018), e.g., using a reinforcement learning
method (Cho et al., 2023). Furthermore, besides the class of ITRs indexed by a Euclidean
parameter, it may be possible to consider other classes of ITRs, such as tree or list-based
ITRs. The current work focus on value functions in the form V(d) = E[y(7'(d))] and can
also be modified in case of optimizing certain easy-to-interpret quantile criteria, which does
not require specifying an outcome regression model and is robust for heavy-tailed distribu-
tions (Zhou et al., 2023). And relaxing the restrictive assumptions such as positivity (Yang
and Ding, 2018; Jin et al., 2022) and unconfoundedness (Cui and Tchetgen Tchetgen, 2021;
Qi et al., 2023) for learning optimal ITRs is also a fruitful direction.
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Appendix A. Preliminaries
A.1 Counting Processes for Cox Model

We use the counting process theory of Andersen and Gill (1982) in our theoretical framework
to study the large sample properties of Cox model. We state the existing results that are
used in our proof.

Let X® denote 1 for { =0, X for { = 1, and X X7 for [ = 2. Define

UL (5art) = S T{A; = a}XF exp(8T X)¥i(1) and ) (B, 1) = B [ X exp(5] X)¥ (1)
¢ i=1

where n, = Y ;" | I{A; = a}, and define

U (Ba, 1) u$) (Bast)
E, o, t) = —— d a(Payt) = 70“‘
Forl) = 5 g, D = w5

The maximum partial likelihood estimator Ba for the Cox proportional hazards model
solves the estimating equation

an Ba = ZI{A —a}/{X —)}dNZ(u):O,

(Ba,u)

and the cumulative baseline hazard function /A\()#l is estimted by the Breslow estimator:

/ YL A =aldNi(w)
S A = afexp(BIX)Yi(w)

Under certain regularity conditions (Andersen and Gill, 1982, Conditions A — D), Ba
and Ao, converge in probability to the limits 8; and Af ,, respectively; and we have

Via(Ba — B2) =T,

1 n
> I{Ai = a}Ha, + 0p(1),
Ve i

where I'y, = IE[ 08,1(B2)/0B:T] is the Fisher information matrix of 8}, H,; = [I{A; =
a H{X; — ea(BE,u)}dM, ;(u) and dM,;(u) = dN;(u) — exp(B:T X;)Yi(u )dAS . (u). Moreover,
let S*(t|a, X) = exp{—Aj ,(t) exp(8;T X)}; it is shown that Vra{S(t|a, Xz) —S*(t|a,Xi)}
converges uniformly to a mean-zero Gaussian process for all Xj.

Specifically, we consider the following expansion that we use in our proof of Theorem 6
and Corollary 8,

S(t]a, X;) — S*(t]a, X;) = — S*(t| a, Xi) A o () exp(BT X)) XT (Ba — BL)
- 5*(t|a, X;) eXp(ﬁéTXi)(Ao,a( ) — M50 (1)),
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and furthermore

\ * Cf gl S T A= a}dNi(w)  ngd O T{As = a}dNi(w)
Noa(t) — Ago(t) :/0 { léo)(ﬁa,u) - ééo)(ﬁ(’;,u) }

g S A = a}dNi()
+/0 { v (82, u) dAO’“(t)}

T
RN R b — B
L gy v B o] (o0
tngl ;l: i=a a,i\U
+/O > 1;;0?1( *u>}dM ()

a’

B e

tp-l noTI A;=aldM,;
_|_/ Ng szl (J(L)) CL} 7(u) +Op(1).
0 Ua (B, u)

+ 0p(1)

Combining the above two equations, we obtain

S(t|a, X;) — S*(t]a, X;)

t T )
—S*(t] @ X3) Ao (8) exp(57 X) XT = { / eawz,u)dAa,a(u)} ] (Be - 52)

-/ “ngt S0y 1A = a}dMo(w)
0 2 (B w)

a’

+ 0p(1).

A.2 Cross-Fitting

To show the high-level idea of cross-fitting, we state the lemma from Kennedy et al. (2020),
which is useful in our proof of Theorem 7 and Corollary 9.

Lemma 13 Consider two independent samples O1 = (O1,...,0y) and Oy = (Opy1,...,04),
let f(o) be a function estimated from Og and P, the empirical measure over Oy, then we

have
(B, —P)(f— 1) = Or (w)

Proof First note that by conditioning on Oy we obtain
E{Pu(f = )| Oz} =E(f - £102) = B(f - f)
and the conditional variance is
var{(Pn, = B)(f = f)| Oz} = var{By(f — f)| Oz} = %W"(f —f102) <|If = fIP/n
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therefore by Chebyshev’s inequality we have

P{I( P)(f - f)l_t}_E[P{l( P)(f - f>|_t‘02}
1f = f12/n 1f = £112/m

thus for any € > 0 we can pick ¢ = 1/,/€ so that the probability above is no more than e,
which yields the result. |

1
<
—t

[\

Appendix B. Proof of Proposition 3

Proof We first show the identification by the outcome regression formula.

V(d) = E[E[y(T(d)) | X]]

= E[d(X)E[y(T(1)) [ X] + (1 — d(X))E[y(T(0)) | X]]

= E[d(X)E[y(T(M) [ X, Is = 1] + (1 = d(X))E[y(T(0)) [ X, Is = 1]]
= E[d(X)E[y(T(1)[A=1,X,Is = 1]

+ (1= d(X))E[y(T(0)) [A=0,X, [s = 1]
E[d(X)E[y(T)|A =1, X,Is = 1]+ (1 - d(X))E[y(T) [ A = 0, X, I = 1]]
EE[y(T)| A= d(X), X, Is = 1]]
E[l7 e(X)E[y(T) | A = d(X), X, Is = 1]].

Similarly, we show the identification by the IPW formula.
= [ (T)|A=d(X), X, Is=1]]

)] A = d(X). X, Is = 1]

:E{ IS I{A—d(X)} Ay(U) ]
ms(X)  ma(X)  Sc(U|A X))’

where the last equation follows from the standard IPTW-IPCW formula (van der Laan and
Robins, 2003). [

Appendix C. Proof of Proposition 4

Proof While Lee et al. (2022) derived the efficient influence function for the treat-
ment specific survival function, here we derive the EIF for the value function V(d) =
E[l7 e(X)p(d(X), X)].
First consider the full data Z = (X, A, T, Ig, IT), and we have the factorization as
p(Z) = {p(X)ms(X)p(A|X, Is = Dp(T|A, X, Is = 1)} {p(X)}'T.

Since Iglp = 0, the score function is S(Z) = S(X, A, T,Ig) + I7S(X). Let V.(d) =
Ec[Ir e(X)ue(d(X), X)] denote the parameter of interest evaluated under the law p.(Z),
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where € indexes a regular parametric submodel such that po(Z) is the true data generating
law. To establish that V(d) is pathwise differentiable with EIF ¢, we need to show that

Svia)|  =Elsfsz)
e=0
First, we compute
0 0
SV = Bl (X0, XS0+ B | L),
e=0 e=0

and further write the first term on the right hand side as

ElI7 e(X)p(d(X), X)S(X)] = E[(I7 e(X)p(d(X), X) = V(d))S(X)]
= E[(Ir e(X)u(d(X), X) = V(d))S(2)],

and the second term as

g [im(d(X),X)

o

E[d(X)E[y(T)S(T|A, X, Is)|A=1,X,Ig =1]
+(1— d(X)E[y(T)S(T | A, X, Is) | A = 0, X, Is = 1]
— E[d(COE[(y(T) — u(1, X)S(T | A, X, Is) | A= 1, X, Is = 1

+(1 = d(X)E[(y(T) — (0, X))S(T'[ A, X, Is) [ A =0, X, [s = 1]]

<

(W(T) = (0, X))S(T[ A, X, Is)

W) = u(L, X)S(T] A, X, Is)

|

I h
By (d(X)TrA(X)(y(T) — n(1, X))

11— ) ((T) - u<o,x>>) S(T| A, X, m}

1 —7ma(X)

L[ Is HA=dX)},
5| S e - waxsa).

Therefore, the efficient influence function for the full data is

B Is I{A=d(X)}
¢ = It e(X)p(d(X), X) + WS(SX) (%) (W(T) — n(A, X)) = V(d).

Next, we consider the observed data O = (X, A, U, A, Ig, I7) due to right censoring.
According to Tsiatis (2006, Section 10.4), the EIF based on the observed data is given by

A¢d L(u, A, X)

=it ] s |AXnd<u\A,X>,
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where
L(u, A, X) =E[¢} | T > u, A, X]

Is I{A=d(X)}
ms(X) ma(X)

= Ire(X)p(d(X), X) + (Q(u, 4, X) — u(A, X)) = V(d).

Since we have

/OO(WC(“’AvX)_ OOdNC(u)_/U dAc(u| A, X)

o Sc(ulA X) o Sc(ulA X) o exp{Ac(u|A, X)}
A

Sc(U]A,X)’

—1-

we conclude that

Is HA=d(X)} Ay)
Ts(X)  m(X)  Sc(U|A X)
Iy HA=d(X))

# (0 - 5 ) e, x)
Is I{A d }/ dMc(u| A, X)
ms(X) Sc(u| A, X)

- V(d)

¢a =

Qu, A, X).

Appendix D. Proof of Theorem 6 and Corollary 8

D.1 Double Robustness

Proof We start with the proof of the double robustness property. We show that EIF-
based estimator is consistent when either the survival outcome model or the models for
the sampling score, the propensity score and the censoring process are correctly specified.
Under some regularity conditions, the nuisance estimators ji(a, z), Q(u, a,z), &s(x), a(z)
and Sc(t | a, ) converge in probability to u*(a, z), Q*(u, a, z), 7%(x), 7y (z) and Sk (t| a, z),
respectively. It suffices to show that E[V*(d)] = V(d), where

V*(d) =I7 e(X)p"(A = d(X), X)
Is HA=dX)} [ AyU) .
T mX) {SE(UIA,X) (4, X)
/OO dM(’}(u|A,X)
0 Sh(ulAX)
=)+ (II)+ (III).

@A)}

First, consider the case when the survival outcome model is correct, thus we have

(I) = ElIr e(X)p* (A = d(X), X)] = V(d)
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By Equation (9), we obtain

(I1) +

(I11)
Is I{A=d(X

~ g(X)

T (X)

In this case, we have

Is I{A=d(X)}

Hoay-wax - [7

dM¢ (u| A, X)

ST D) ~ @ A X))

E[F;;(X) % (D) - (4, 3)

~= [z g T - wa) } X”

=5 [B[e |0 G w4 s =] [ x]
~EE :w;&) I{Arrz:gf()X PEIT) (4, X0) | 4, X, s = 1 ' il
=F E :w;(SX) I{Avrz_gf()X DBl | 4,X, 15 = 1= ‘XH -

Also define dM¢(u| A, X) = dN¢(u) —
u}, so we have

ul 4,X)

I{C > u}dAc(u| A, X) where Ngo(u) = I{C <

* |

Is I{A d }/ dMC

(u| A, X)

(D)~ Q" (. 4,X)|

_ IS ”A S5 dMC o ST = (1) - @' (. 4.))
_E[ I I{A d / ndu||;14;(f I{Tzu}(y(T)—Q*(u,A,X))’X”
:E . Is [{A d }/ dMC ||AAXX [T > u}

(W(T) — Q*(u, A, X)) | A, X, C, Is = 1} 'X”
_E' Is I{A d }/ nd |LlAXX T > u)
- @wAx) A,X,c,fszq ]
_E- 15 I{A d )} / nd |LlAXX E[I{T > u}y(T) | A XI5 = 1]

“E[{T > u} | A, X, Is = 1]Q*(u, A, X)) ‘X” = 0.
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Next, consider the case when the models for the sampling score, the propensity score
and the censoring process are correctly specified. Rearranging the terms of V*(d), we obtain

LIy HA=dX))  AyD)
V*(d) =

D=5X)" (X))  S6U]AX)

+ (et - Wf&)) W (A = d(X), X)

I I{A d }/ AM(u| A, X)
75 (X) Sz (u] A, X)
=(I) + (IT) + (III).

In this case, we have

(1):1@[

_|_

Q" (u, A, X)

Is HA=dX)) Ay®) ]
(X)X S;;(U|A,X>]‘V(d)’

(II)=E [(IT e(X) — W;(SXQ pH(A = d(X), X)}

=E [E [ITe(X) -

w4 = e x)] <o

and (/1) is a stochastic integral with respect to the martingale Mg (u| A, X), thus equals
0 as well, which completes the double robustness property. |

D.2 Asymptotic Properties

To establish the asymptotic results, we need some regularity conditions such that the nui-
sance estimators p(a, z; Bq, Mo a), Q(u, a, T; Ba, Noa), ms(z; A), ma(x; 0) and So(u | a, x; G, Aco,a)
converge in probability to u(a,z; By, Ag ), Q(u, a,x; 85, A¢ ), ms(w; A*), ma(w;60%) and
Sc(t|a,z;a;,Afg ), respectively.

Condition 1 We assume the following conditions hold:

(C1) X is bounded almost surely.
(C2) The equation E [{A - %} X] = 0 has a unique solution 0*.
(C3) For a = 0,1, the equation

o [ [ (x- Bl o] -0

has a unique solution B, where L > u is a pre-specified time point such that Pr(U; > L) > 0.

Moreover, let (u)
a0 =2 | [ et

and assume A{ ,(L) < co.
(C4) For a = 0,1, the equation

=[] (o Srematn ) 0] =o.
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has a unique solution . Moreover, let

Atoa(u) =E [/o E[Y;(u) exp(aiT X;)]

and assume Afy (L) < oo.

(C5) The estimating equation for the sampling score model ws(X;\) has a unique solution
¥, and achieves root-n rate of convergence.

Under Condition 1, we have the following asymptotic representations:

Vil — ) = jﬁ;mwop(l), Valh - ) = jﬁ;mwop(l)
*—Ln +o nd—a*zin i+ o or a =
\/ﬁ(ﬁa_ﬁa)— \/ﬁ;(ﬁ&ﬂ‘" p(1)7 f( a a) \/ﬁ;¢aa1+ p(l)a fi 0,1

For the ease of notation, we introduce a finite population of size N, from which the
source and target data are independently sampled. Note that we do not assume N is
known and fixed.

We focus on the estimation of survival functions by our proposed method:

N
Z[ITZ S(t| A= dy(X:), X)

) Sc o

75 (Xi)Ta( X So(t| A, X3)

S(t| As, X)) AN (u| Ay, Xi)
S u|AZ,X)SC(u]AZ,X)

and for the ease of notation, define

o A'LYL o ) M )
J(t,a,:n):A(t)—S(ﬂa,m)—l—/ Sft’ax)dAC<u’ax),
SC(t’CL?x) 0 S(’LL|(I,.§C)SC(U|G,$)
. A;Yi(t) . < S*(tla,x)dME(ula,x)
t = iR gt .
Tt = g T DT S e Sl )

Proof Our proof has three main parts as follows.

PART 1. By the double robustness property shown in Section D.1, we have, by the
strong law of large numbers and uniform consistency, that S(t;n) = S(t;n) + 0p(1), which
proves (i) of Theorem 6. Moreover, define

Isil{A; = dy(Xi)} .
(X)) (X5)

SNtn NZ[ITZ S*t‘A d ( ) i)+ (t,Ai,XZ') ,
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and by applying the Taylor expansion and the counting processes result in Section A.1, we
obtain

S(tn) =S5 (t5m) + H{ (A = X%) + HJ (0 = 0°) + HE (B = B§) + HE, (1 = 1)
+ Hgo(@o - Oéa) + Hgl ((341 — cq) 4+ Rg + Op(N_l/Q),

where N
B 1 aS(t; n) L 33’(73 n)
Hy = linooﬁi: o Ho= NlinooN o
N
o1 ' ‘ atl ‘ ISZI{A —a} / G(t,a, X;)dME(u | a, X;)
He. _Nlinoozv;{fme(&)( DTG e X+ 2y §*(ula, X:)S5(u] a, X;)
> G(u,a, X;)S*(t | a, Xz-)nd(u la, X;)
- X’L - )
Gtt0.x) - | 52(ua, X)) 5% (u | a, X)
N
| ISiI{A':a}{ AY()
H,, = lim — . Gc(t,a,X-
* Ge(u, a, Xi)S*(t \ a, Xi)dME(U la, Xi) | A
- G ta aXi )
. S2ula )5 (ula,xy T octhaX)
1 N
_ . . a+1 .
Rg = N;azm {IT,e(XZ)(—l) H(t,a, X;)

ISzI{A—a} taX dM( ‘CLX)
+ </ S&(ula, X)Sf(u’a X;) — H(t,a,X;)

HuaX )S*(t| a, X;)dMg(u| a, X;) AY;(t)
(ula, X;)S*(ul|a, X;) Sg(t]a,Xi)
chaX )S*(t]a, Xs)dME(ula, X;) 4 )}
— He(t,a, X;
S (ula, X;)S*(u|a, X;) olha %)

HC(ta a, Xz)

1
= X ¢S,i7
N; R

with
T

Glt.0.2) = =5"(t] 0,005,007 + 5"t a,0)exp(5; ) { [ eatitansa(w |

)

t -1 noT A; = aYd M, ;
H(tv‘%fc):—5*(t\a,x)exp(52T”3)/o - Zl_lU;{m( i -

a’

T

Gelt,a.0) = =5°(t]a, 00007 + 5"t a,0)exp(5; ) { [ eatiiansa(w |

Heo(tya,2) = —=S*(t] a, x) eXp(BZT:E) /t ng' >ict I({x;l = a}dM, ;(u)
0 a ( a’ )
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Coltoaa) Ui §*(t|a, r)dAg(ula, @) r {/t S*(t | a, z)eq (B, u)dA] , (u) }T
, 4, - " ” - ’ 7
c o S&(ula,r)S*(ula,x) o Si(ula,z)S*(ula,z)

. ES*(t|a,z)ngt Y0 I{A; = a}d M, ;(u)
He(tya,x) —/ e o=l ——
0 Sh(ula,x)S*(ula,x)UL (5, u)

Thus, we have
N

Z(ﬁl,i(t; n) +&2,i(t;n)) + op(1), (10)

=1

\/N{S’(t;n) - S(t;n)} = 7%

where

§1i(tim) = Sh(tm) — S m),

4(tim) = HY ¢+ Hy Soe i+ Y HE dpri+ Y Hy dagi+ Hey + res
a=0,1 a=0,1

and &1 (t;m),&2,(t;m) are independent mean-zero processes. Therefore, we obtain that
VN {S’ (t;m) — S(t; 77)} converges weakly to a mean-zero Gaussian process, which proves
(7i) of Theorem 6.

PART 2. We show that N'/3||5 — n*||2 = O,(1). Recall that

fj = argmax S(t;n) and n* = argmax S(t; 7).
" "

By Assumption 5 (i), S(¢;n) is twice continuously differentiable at a neighborhood of
n*; in Step 1, we show that S(t;n) = S(¢;n) + op(1), Vn; since 7 maximizes S(t;7), we have
that S’(t; 7)) > sup,, S’(t; 7n), thus by the Argmax theorem, we have 7 Lypras N — 0.

In order to establish the N~1/3 rate of convergence of ), we apply Theorem 14.4 (Rate

of convergence) of Kosorok (2008), and need to find the suitable rate that satisfies three
conditions below.

Condition 1 For every 7 in a neighborhood of n* such that || — n*||2 < J, by Assump-
tion 5 (i), we apply the second-order Taylor expansion,

* * * 1 * * *
S(t;m) = S(tn") = S'0)n = n"ll2+ 55" ()l —n 15+ o(lln — n*[I3)
1 * * *
= 55" () lm—n 13 + o(|ln — n*[I3),

and as S”(n*) < 0, there exists o = —35”(n*) > 0 such that S(t;n) — S(t;n*) < —colln —
I3
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Condition 2 For all N large enough and sufficiently small , we consider the centered
process S — S, and have that

E \/N\In—svﬁl\\)z@ (S’(t;n) — S(tim) — {S(t; ") = S(t; n*)}‘]
B[N s S(tim) = Sitim) + Si(tin) = S(tn)
— {8t - Sptn®) + Sitn) - St n*)}\]
<E|VN sw [S(tn) - Sitn) - {Stn) - S;<t;n*>}]] (1)
+E|VN 5 1S5 (k) — S(t;m) — {S(t;m*) — S(t; 77*)}|] : (I1)

and we bound (/) and (II) respectively as follows.
Condition 2.1 To bound (/I), we need the useful facts that

H{A=dy(X)} = {A = dye(X)} = (24 = 1)(dy(X) = dyu (X)),

St d(X,), Xi) — S*(t | dye (X,), Xi) = (S7(£] 1, X3) — S*(£]0, X:)) (d(X;) — e (X)),

and obtain
1 N
Sy(tn) — Si(tin") 55253 e (X))
% 4 I e(X,)(S* ) g Wy 24i = Disi o,
{Isecopstenx - seiox + LU0 r e x ).

Define a class of functions

7l ={<dn<x> - dn*<x>><ITe<w><s*<trl,x> 50,2+ 2D )> |

o (@) ()

|M—an<5}

and let M; = sup ‘IT e(z)(S*(t|1,z) —S*(t|0,x)) + %J*(zﬁ, a,az)‘. By Assump-
tion 1, 3 and Condition 1, we have that M; < oo.

When ||n — n*||2 < §, by Condition 1 (C1), there exists a constant 0 < kg < oo such
that |(1,27)(n — n*)| < kod; furthermore, we show that |dy(x) — dy«(x)| = [I{(1,2T)n >
0} — I{(1,2T)n* > 0} < I{—kod < (1,27)n* < ko6}, by considering the three cases:

e when —kod < (1,27)n* < koS, we have |d,(z) — dye(x)| < 1= I{—kod < (1,27)n* <
kod}s
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e when (1,z7)n* > kod > 0, we have ( e = (1,27)Y(n — n*) + (1,27)n* > 0, so
\dy(z) — dys()] = 0 = I{—kod < (1,27)n* < kod};
)

e when (1,27)n* < —kod < 0, we have (1,27)n = (1,27)(n —n*) + (1,27)n* < 0, so
|dy(z) — dyu(x)] = 0 = I{—kod < (1,27)n* < kod}.

Thus we can define the envelope of ]-"% as Fy = MiI{—kos < (1,27)n* < kod}. By
Assumption 5 (ii), there exists a constant 0 < k; < oo such that

| Fillp2 < M1\/Pr(—k05 < (1, 2T+ < kod) < Mi\/2kok18Y/2.

By Lemma 9.6 and Lemma 9.9 of Kosorok (2008), we have that .7-"%, a class of indicator
functions, is a Vapnik-Cervonenkis (VC) class with bounded bracketing entropy J, ﬁ‘ (1, .7-'%) <
0.

Since we have the fact that

N
GyFy=N"2>"{F) —E[F,
= VN (S (t;m) = Sp(tn") —{S(t:m) — St n")})

By Theorem 11.2 of Kosorok (2008), we obtain that there exists a constant 0 < ¢; < o0,

(II)=E [ sup (G Fyl| < i (L FDIFLp2 < erJj (1, Fy) Myy/2kok1 6172 = &,6'/2,

ln—n*|l2<é

so we conclude that (IT) < ¢6'/2 where & > 0 is a finite constant.
Condition 2.2 To bound (1), first we have

S(tin) — Sptsm) — {S(t:n*) — Si(tin™)} = S(tn) — S(tn*) — {Sk(tsm) — Sp(tsn*)}
N
= ]{,an(xn = dye(X0)) | e(X){S(E11, X0) = (10, X) — (87 (1, X) — S*(£]0, X))}

(QAZ- — 1)[5@
A, (Xi)7s(X5)

(24; — 1)Ig;

J(t, A, X;) — T (K)ma(X)

J*(t, A, X; )]

and then apply the Taylor expansion and counting processes result in Section A.1,
S(t:n) = Sp(tsn) — {8t n*) — Sy (t0")}

N
= %Z X; —dn*(Xi)) X {D)\(S\—A*)+D9(é—9*)+D50(BO—ﬁS) (11)

=1
+D5,(B1 = B1) + Dag(60 — a) + Doy (61 — a5) + Rs } + 0p(N172)
where
(24i = Dlsi . ors(X)\ T
Dy =— Tt A, X)) [ =)
T gy A T
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ISi 87‘('1*4(XZ)>T
Dy = ———2———J(t, Ay, X ;
O TR (X)ms(Xs) (t ) ( 90
o e 1yatl _ (QAZ' )I{A = CL}[SZ / G(t,a,X;) dMC( ‘ , Xi)
Dﬁa _IT,ZG(XZ)( 1) G(tvavXZ)+ TFA,-(X S |a X S*( ‘ Xz)
' * G(u,a,X;)S*(t| a,XZ)dMC( ula, X;)

~(24; - 1)I{A; = a}Is; A;Y;(t)
(X)) TE(XG) { Se(ta, Xi)
_/°° Geo(u,a, X;)S*(t|a, X;)dME(u] a, X;)
0 St (u|a, X;)S*(ula, X;)

Da Gc(t a, X)

+Gelta, Xi)}7

(24, ~ DI{A; = a}Ts, [ [ H(t.a, X)AMg(u|a, X))
Rgﬂ' = |:IT2 X; a+1H t.a X) - ¥ *
2: (E) =)™ H P %) o Se(ula, X0 (u]a, X,)
HuaXS*(t|ade Slula, X5)
H(t,a,X;)
" (ufa, X;)S"(u]a, X;)
A;Yi(t) > Ho(u,a, X3) S (t|a, Xi)dME(ula, Xi) 4 )]
St [a, ) et e Xo) S2(ula, X;)5*(u] a, X;) olta, Xi)
Similarly, we define the following classes of functions:

ﬁ={www—%wmﬁg;§§ﬁmmm<%§”

T
JM—UW2<5}7

JM—UW2<5},

ﬁ—{www—%mmﬁiﬁ&@fwmm(%gw

< tadeC( ’a’m)—G(tax)

(u]a,z)S*(ula,x)
/ uamswuaﬂwmx|m@>IWn—“m<5}

(u|a,z)S*%(u|a,x)

Fy = {(d (%) = doe (x ))[ITe( )(— 1)a+1G(t,a,x)+m
tadeC( la,z) o
< (a5 (u]az) CHoT)

(u,a,x) S*(t!a x)dME(ula,x) T
/ Sl el )]Mn nh<5}
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- {(dnm ~ dy (@) [fr e s Gettan)

o GC(U, a?‘r)S*(t ‘ a,x)dM(*}(u | CL,CL‘) ~ *
— Gol(t Hlm— 0
B i i e OR ) § MRS

a— AY(t
Py = {(dn(w)—d “(z ))[75 o )(S) _Sg(t|g,)x)
_/OO Go(u,a,x)S*(t|a, z)dM(u|a,x)
0 S (ula,z)S*(u|a,z)

GC(tv a, .CC)

+Gc(t,a,x)}] S —=ntllz < 5}7

oy = {(d (2) = dyy <w>>[ ) [zTe(@aHH(t,a,x) + m
H(t,a,z)dM(u|a,x) o
( 0 Slulan)s (ulaz) )

- He(tya,z)

/°° H(u,a,z)S*(t|a,z)dM(u|a,x) AY(t)
0 S&(ula,x)S*2(ula,x) S&(t]a,x)

* Ho(u,a,x)S8*(t|a,x)dME(ula,x) -
— He(t,a, S —=n*le <.
/0 5*2 (u]a,x)S*(u|a,x) ot,a ) I =n7ll2
Let .

(20-1) , o ()

My = JH(t T
2 sup 7'[';(1‘) ( ,(I,(I}') 8)\ )
where My € RT and the supremum is taken over all the coordinates; and Mg, ..., Mg are

defined accordingly for .7-"7:7”, .. ,]-"ff. By Assumption 1, 3 and Condition 1, we have that
My, ..., Mg < oo.

Using the same technique as in Condition 2.1, we define the envelop of .7-7} as I =
M;I{—kos < (1,2T)n* < kod} for j = 2,...,8, and obtain that

|Fjllp2 < M;jo'? <00, j=2,...,8,

where Mo, ..., Mg are some finite constants, and that ]-"% is a VC class with bounded
bracketing entropy Jﬁ(l,}'ﬁ) < oo, for j = 2,...,8. By Theorem 11.2 of Kosorok (2008),
we obtain

E sup ‘GN]-77| < Jy(L, FDIFjllp2, j=2,...,8,
lIn—n*ll2<é
where co, ..., cg are some finite constants. That is, we have

IE[ sup |GN]:S|] §6851/2,
ln—n*|l2<0o

32



TRANSFER LEARNING SURVIVAL ITR

and furthermore by Theorem 2.14.5 of van der Vaart and Wellner (1996), we obtain

1/2
sup |G T |13 <LSE| sup  [GnF +\FjHP,2}
In—n*l2<d ln—n*|l2<é

< Li{ejJy (1, F)) + 1} Fjll pa
< ot j=2,...,1,

{E

where ls,...,l7 and ¢9,..., ¢7 are some finite constants.

By Equation (11), we have that

(I)=E [NY?  sup ‘5‘(75;77) — Sx(tin) — {S(t:n") va(t;n*)}(]
[In—n*|l2<d
<E L {|an3(§ — M)+ G F3(0 — 07)| + |G Fyy (Bo — BY)| + |GuF (81 — B
n—n*{l2<

+[GnFy) (G0 — ap)| + |GuFy (61 — a)| + |an,§} + Op(l)]

SNTY2IE| sup  [GuFZ-NY2A-M)|[| +E| sup |an$-N1/2(é—e*)y]
[ln—n*|l2<d ln—n*|l2<d
+E| sup  [GuFp - NY2Bo—By)|| +E| sup \ang.NW(Bl—ﬁm]
[ln—n*ll2<d [ln—n*|l2<d
+E| sup [GuFp-NY2(ao—af)|| +E| sup |@nfg.zv1/2(a1—a;)|”
[ln—n*ll2<d [ln—n*|l2<d
+E| sup |GnFp|| + op(1),
[ln—n*|l2<d
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and then by the Cauchy-Schwarz inequality, we obtain

1/2
. 1/2
(D < N2 {EINA - N3]} {E sup IIGNE?II%”

In—n*ll2<é
» 1/2
+ N2 {ENIIG - 0713} {E sup HGNE?H%”
lln—n*ll2<é
1/2 I n"
+ N2 {EIN Ao - 5131} {E sup |Gy I3 }
L[In—=n*[[2<6 _
2 (] n"
+ N2 {EINIIA - 8113} {E swp (|G F 3 }
lIn—=n*{l2<é _
- 7y 1/2
+ N7V (B[N do - o8} B | sup  [GxFEIR
In—n*l2<é _
i 1y 1/2
B ) N 1/2
+ N7V {E[N||a1 — of |3} {E sup |G F 3 }
| lIn—n*ll2<d _
+E| sup [GnFy|-
lln—n*ll2<é

. 1/2
Let M) = {E[NH)\ - )\*Hg]} , and Mg, Mg,, Mg, , My,, My, are defined accordingly.
By Condition 1, we have that My, My, Mg,, Mg, , My, My, < 0o, and therefore
(I) < N7Y2(My&y 4+ M3 + Mp,éq + Mg, G5 + MayGs + Ma, é7)8Y/% + &56%/2.
In summary, we obtain that, let N — oo, the centered process satisfies

E [\/N sup  |S(t;n) — S(t;n) — {S(t;n*) — S(t;n*)}‘]

In—n*||2<8 (12)

< (1) + (1) < (& + &)8"/2.

Let ¢n(0) = 61/2 and a = % < 2, thus we have ¢’3£6) = 6! is decreasing, and a does
not depend on NN. That is, the second condition holds.

Condition 3 By the facts that 7 2 n* as N — oo, and that S(¢;7) > sup,, S(t;:n), we
choose ry = N'/3 such that r%¢n(ry') = N?3¢n(N"1/3) = N¥/2. The third condition
holds.

In the end, the three conditions are satisfied with ry = N/3; thus we conclude that
N3/ —n*||2 = Op(1), which completes the proof of (iii) of Theorem 6.

PART 3. We characterize the asymptotic distribution of S (t;n). Since we have

VN{S(t;) — St} = VN{S(60) = S(t:0°)} + VN{S(t:0) = S(t;n*)},

we study the two terms in two steps.
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Step 3.1 To establish \F{S’(t 7)— S(t;n*)} = 0,(1), it suffices to show that vV N{S(t;7)—
S(t;07)} = 0p(1) and VN(S(t; ) — S(t;m ) {S(t:1) = S(En0")}) = 0p(1).

First, as N'/3|7 — n*||2 = O,(1), we take the second-order Taylor expansion

VN{S(t:1) — S )i —n"ll2 + S”(n*)llﬁ—n*llg+0p(||77—77*||3)}

= VN {st
\F{ ") = 1B + ol 1)}
f{zs"(n*)op(zvm) +op(N2/3)} = op(1)-

Next, we follow the result (12) obtained in PART 2. As N'/3||# — n*||2 = O,(1), there
exists & = cgN~1/3, where ¢y < 00 is a finite constant, such that ||7j — n*||2 < 6. Therefore
we have

VN(S(t;0) — St %) — {SEH) — Stn™)})

<E

\/N”A suﬁ) : S’(t;f;)—S(t;f;)—{S(t;n*)—S(t;n*)}‘]
n—n*|l2<
< (61 + )07 = (&1 + &) VeoN % = 0,(1),

which yields the result. X
Step 3.2 To derive the asymptotic distribution of v/n{S(t;n*) — S(¢;n*)}, we follow the
result (10) obtained in PART 1 and have that

VN {8 - St} B N, 02y),
where 0152,1 = E[(&1i(t;n*) + &2.4(t;m*))?]. Therefore we obtain in the end
VN{S(t) = S(tn")} = VN{S(t:7) = S(t07)} + VNS (%) — S(tn*)}
= 0p(1) + VN{S(t;1") = S(t:17)}
gN(O,ng),

which completes the proof.
For Corollary 8 where we consider RMST, the proof can follow the same steps as before,
and is thus omitted here. |

Appendix E. Proof of Theorem 7 and Corollary 9

Proof Our proof has three main parts below.

PART 1. Recall that the cross-fitting technique, at a high level as exemplified in
Lemma 13, uses sample splitting to avoid bias due to over-fitting. For simplicity, consider
that the datasets Og and O; are randomly split into 2 folds with equal size respectively such
that Oy = O51UO;2,0p = O 1 UO; 2. The extension to K-folds as described in Algorithm
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1 is straightforward. Here the subscript C'F' is omitted to simplify the notation. Define
T =051 U0 1,2y = Og2U Oy 2, and Ny = |Zy|, N = |I|. The cross-fitted estimator for
the value function under the ITR d,, is

where

r Ty _ 1 ) Y ) ) Is,i I{Ai:dn(Xi)}
=g S {IT,Z Xy (X,), X) + s A=

Sc(Ui | Ai, Xi) 0 Sc(uldi, X;)

and the nuisance parameters are estimated from Z,. V72 (n) is defined accordingly.

In this step, we show that

A

V() = V() = op(N72),
and essentially it suffices to prove that

V() = V' (1) = 0p(N7/?),
where

N ; i = '
Vv =y 3 {Im O s S rs o
i=1 Z Z

y <Azy(UZ) —M(Ai,Xz‘)-i-/oo nd(UIAi7Xi)Q(U7Ai7Xi)> }7

Sc(Ui | Ai, X5) o Sc(ul A, X;)

and V]? (n) is defined accordingly.
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First, we have the following decomposition

. {IT,ie(Xi)(ﬂ(dn(Xi)in) _N(dn(Xi)aXi))

1 I{A; = d,(X;)} v
> ma(X;) Kl Xo)

Isﬂ' I{Ai =d (Xl)} 2 LX) — ¢
ms(Xi) Wd(}g) (K(Ai, Xi) — K(Ai, X))
1 1
+ sl {Ai = dy(Xi)} <7r5(XZ-) B frs(Xz')) ma(Xi)  7a(X;)
: )

Tsal{A; = dy(X) < 1
71—d(AXvi) 71—S(AXz) ﬁS(Xz)
B SR (s - s ) (RAGX) ~ K (4 X))
™ i T\ Aq Ta\ A
1 1 1 1
1= 00 (- o) (ot — ) (KA X0 K(Al,xm},
(13)

where
2 Aiy(Us N  dMe(u| Ai, Xi) A
K(Al)Xl) = = y( ) ( 79 l)+/ A C(U| )Q(U7A25XZ)7
Sc(Ui | A, Xi) o Sc(ulAi X;)
* dMc(ul| Ai, X;)
Az’aXz' .

ey Aiy(U) v
K(A17XZ) - SC(U'L ’AZ,XZ) _M(AHXI) +/(;

In summary, the decomposition (13) consists of two types of terms: four mean-zero
terms and four product terms. For the mean-zero terms, we utilize the method introduced

in Section A.2; since
=0,

Ell7; e(X3) (fi(dy(Xi), Xi) = pldn(Xi), Xi))]

by applying Lemma 13, we obtain
1 . _
A 2 Fra elX) (e (X0), X0) = (dy(X0), X)) = 0, (N12)
7

Similarly we have

| 1 NHA= 4D, o]
E[IS’Z <7TS(Xi) 7ATS(Xz')> ma(X;) K4, X)| =0,
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so we obtain

2
- ' ! . I{A; = dy(Xi)} Y.
( 1 ;ISJ (WS(Xi) frs(Xl)) Ta(X;) K(A'“X»L)) ]

r 2
I{A; = d,(X;
=F |E L Is,i< L >{ dn( )}K(Ai,Xi) T
(X )
I

1 s(X;)  7s(Xi) mq(X5)
N T I O NS WV (VT N0 6} S
—E lezlls”<7rs<xi> 07 R X0
_ i var ' 1 B 1 I{Az = dn(Xz)} ‘ ‘
—NlE[ [IS”(wsm) fTs(Xz')> Xy e X I”
0,(1) 1
< N :Op(ﬁ)
1
We also have
Isil{A; = dy(Xi)} 1 Y
o e (m@m fu(Xi))K(A“X’)]‘O’
g | f8i DA= X)) gy vy - kx| =0,

ms(Xi)  ma(Xi)

and using the same technique, we conclude that these two mean-zero terms are o, (N —1/2)
as well.

The product terms can be handled simply by the Cauchy-Schwarz inequality and the
rate of convergence conditions in Assumption 6. Additionally we have the decomposition
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as follows

1 SR (AL Xi) — K(Ay, X3))

N T
1 . 1- A .
N - { — (A(As, Xi) — p(Ai, Xi)) + W(Q(Ui | Ai, Xi) — QUi | Ai, X))

U.
¢ AC(’U"A”MXZ) A
- T A v i | Aiy X)) — | A, X
o BolulAs X,) WU An Xo) = QU As Xo))du
1 1

+(1—A; _ _
( ) <SC(UMA¢7X¢) Sc(Ui | Ai, Xi)

)Q(Ui|AiaXi)

1 1
" <SC(Ui | Ai, X5) ~ Se(U; IAi,Xi)> Aiy(Ui)
_/Ui< o] A Xs)  Aclu |AZ,X)>Q(Ui,Aini)du
0

‘AwX) Sc(u] Ai, Xi)

1
( Sc(U; !Az,X  Sc(Us| Ai, X5)

C( |A“X) ( |A“X) (Ui i Xi) — ) - X)) du
/0 < Sc(u| Ai, X;)  Sc(u |AZ,X)>(Q(U1‘AHXZ) Q(U; | Ay, X;))du,

) QUi | Ai, Xi) — QUi | Ai, X3))

and similarly we have three mean-zero terms which are o, (N ~1/2) by the same technique
in Section A.2 and the facts that

E[f(Ai, Xi) — p(Ai, Xi)] = 0,

]-*AZ ~
Bl sowia, xp @i 1 4i Xi) = QUi Ai, Xo)
_ UM A
o Sc(u|A; XZ)( 2(u] Ai, Xi) = Q IAz,Xz))d]_Q

1 1
E[(l_&)( <U|A1,X> sc<U@-|A@-,X@->>Q(U"'A“X”

1
( |A17X - So(Ui | Aq, X )) A y(Ui)

/Uz (A uldi Xi) C(U|A"’X")> Q(U; | A; X.)du} -0
0 S 1 (3 7 — Y,

|A17X) C(U|A’LaX’L)
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and we can bound the two product terms as well

1 1 1 «
N > [(1 SAY) (Sc(Ui|AZ—,Xi) - SC(Ui|Ai7Xi)> (QUU; | Ais Xi) — Q(U; | Aiy X))
Ui [Ac(u] A, X)) Ae(ul A X))\ A4 N
_/O <§C(U‘A1,XZ> - Sc(u‘Az,Xl) (Q(UZ |A27XZ) - Q(UZ ’Azaxl))du
1 1 1 ks
- 1—A) | = _
= Ny ;( ) (SC(Ui | Ai, X3) SC(Ui|AiaXi)>
1/2
1 R
“ | D (1= A) Q| Ai, Xi) — QUi | Ay, Xi))?
I
. 1/2
B /Ui LZ Ac(u|AZ,X1) B Ac(u|Al,Xl) ?
0 Ny T SC(U‘AZ,XZ) SC(U|A27X1)
1/2
< | QU A X0 - QA4 X[
I
- OP(N_1/2>7

which proves that N% o1 (K(Ai, Xi)—K(A4;,X;)) = op(Nfl/z).

Therefore, we conclude that the four product terms in (13) are o,(N~/2) as well, which
completes the proof of (7) in Theorem 7.

PART 2: We show that N3 — n*[2 = O,(1).

By Assumption 5 (i), V() is twice continuously differentiable at a neighborhood of 7n*;
in PART 1, we show that V(1) = V(1) + 0p(1), Vn; since 1 maximizes V' (n), we have that

V(ﬁ) > sup,, V(n), thus by the Argmax theorem, we have 7 = n* as N — oo.

In order to establish the N~1/3 rate of convergence of 7, we apply Theorem 14.4 (Rate
of convergence) of Kosorok (2008), and need to find the suitable rate that satisfies three
conditions below.

Condition 1 For every 7 in a neighborhood of n* such that || — n*||2 < d, by Assump-
tion 5 (i), we apply the second-order Taylor expansion,

* * * 1 * * *
V) = V) = V')l =nlla+ 5V ()l —n 13+ o(lln — n*[|3)

1 * * *
=5V ()lln —n 13+ o(lln — n*113),

and as V" (n*) < 0, there exists c1p = —£ V" (n*) > 0 such that V(n)—V (n*) < —cio|ln—n*|3.
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Condition 2 For all N large enough and sufficiently small d, we consider the centered
process V — V', and have that

E[VN sup [V(n)=V(n) —{V(n*) —V(n*)}’]
ln—n*[l2<é
—E \/N“ sw V(n) = V() + Va(n) = V() ={V (") = Va (") + Vi) — V(n*)}‘]
n—n*|l2<
<E\VN s [V =Vl ~ (V) = Val)) (1)
n—n*|l2<
+E \/NH Suﬁ) S Va(n) = V(n) = {Va(n®) — V(n*)}!] (1)
n—n*{2<
It follows from the result in PART 1 that (I) = 0,(1). To bound ({I), we have
Va(n) = Va(n")
LN () d (X (X, a0 x 4 A= DIsi o
- N;(d"(X’) dy-(Xi)) % (IT,N(XZ)(M(LXZ) (0, X7)) + WAi(Xi)WS(Xi)K(Az,XZ)> .

Define a class of functions
.7-"3 = {(dn(x)—dm (z)) x (IT e<$)(u(17x>—ﬂ(0,x))+M

Ta(2)7s(2)

K(e)) s ln=1le <5},

and let Mg = sup ‘IT e(x)(u(l,z) — pu(0,2)) + %K(a,@‘. By Assumption 1, 3 and
Condition 1, we have that My < co. Using the same technique as in Section D.2 Condition
2.1, we define the envelop of F;) as Fo = MyI{—kod < (1,27)n* < koé}, and obtain that
| Follp2 < Mo6'/? < oo, where My is a finite constant, and that ]-"f; is a VC class with
bounded entropy J[’]‘ (1, .7-',? ) < oco. By Theorem 11.2 of Kosorok (2008), we obtain

E[ sup |GN]-",?|] §6951/2,
lIn—n*l2<é

where ¢g is a finite constant. Therefore, we obtain

(II)=E VN sup [VNn(n)—V(n) —{Vn(n") —V(n*)}!]
ln—n*l2<d
=E| sup ]ang\ < &o'/2,
ln—n*l2<d

In summary, we obtain that the centered process satisfies

E [\/N sup ‘S'(t;n)—S(t;n)_{g(tﬂ?*)_S(tm*)}‘]

In—n*]|2<6 (14)

< (1) + (IT) < &90'/2,
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Let ¢n(0) = 6Y/2 and a = % < 2, thus we have ¢’(§£fs) = 6! is decreasing, and a does
not depend on N. That is, the second condition holds.

Condition 3 By the facts that i) 2 n* as N — oo, and that S(t;7) > sup,, S(t;n), we
choose ry = N/ such that r%¢n(ry') = N?/3¢n(N~1/3) = NV/2. The third condition
holds.

In the end, the three conditions are satisfied with 7y = N1/3: thus we conclude that
N3 — n*|]2 = Op(1), which completes the proof of (ii) in Theorem 7.

PART 3: We characterize the asymptotic distribution of V( 7). Since we have

VN{V (@) = V(")} = VN{V (@) = V(")) + VN{V (") = V("))

we study the two terms in two steps.
Step 3.1 To establish \F{V( )=V (%)} = 0,(1), it suffices to show that v N{V (7)) —

V(n*)} = 0p(1) and VN(V (7 ) V") = V() =V(n)}) = op(1).

First, as N'/3|4 — n*||2 = O,(1), we take the second-order Taylor expansion

VIV G) =V} =V {V =+ 5V )= 1 + outli =13
=V { GV = 1 + oulli 1)
— VI { V10N ) + ()} = o,1)

Next, we follow the result (14) obtained in PART 2. As N'/3||/) — n*||2 = O,(1), there

exists 09 = c;1 N~ 1/3 where ¢17 < oo is a finite constant, such that In—n*l2 < 5. Therefore
we have

VNV (@) = V) = {V(@H) = Vn)})

<E

VN swp V(@) - V@)~ (V) - vw*»\]
l9—n*[l2<d2
< G962 = &g\ /erTNTV6 = 0,(1),

which yields the result. R
Step 3.2 To derive the asymptotic distribution of VN{V(n*) = V(n*)}, we follow the
result obtained in PART 1 that V (*) = Vv (n*) + 0,(N~/2), and thus

VN{V ) = v} BN(,03),

where o35 = [¢d ] is the semiparametric efficiency bound.
Therefore we obtain in the end

VN{V (@) = o)} = VN{V () = V(1*)} + VN{V(n") = V(1")}
= 0p(1) + VN{V (") = V(n*)}
B N(0,03),
which completes the proof of Theorem 7 and Corollary 9. [ ]
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Appendix F. Analysis of divergent sample sizes

In this section, we analyze the asymptotic properties of the ACW estimator

n+m
V() :% Y A= d(X:), X))
1=n-+1
I{A == d l)} AZ y(U) o~ ' ' oo nd(u]AZ,XZ) ~ u ' '
ZZ; z) {SC(U |AZ’X) M(Asz) +A S’C(u|AZ,X1) Q( 7A17Xz)},

when the sample sizes n, m diverge.
Note that we solve the following estimation equations to obtain the calibration weights:

n+m

- Z{g MQ}ZO7

z n+1

fzexp{xg DH9(X0) = g} = 0.

When m diverges faster than n, we characterize V{V(d) — V(d)}. First we have that
pg = E[g(X)], and A is the solution to the estimation equation n=* "1 | exp{AT g(X;)}{g(X;)—
tg} = 0. Thus we obtain that

n+m

Va{V(d) -V Z V(A = d(X;), Xi) = V(d)}
zn—i—l
WZ¢ i)

where ¢(0;) is the influence function. Finally, we conclude that /n{V(d) — V(d)} —
N(0,07), where of = E[¢*(0)q]. .
~ When n diverges faster than m, we characterize \/m{V'(d) — V(d)}. First we have that
A is the solution to the estimation equation

n+m

— Z {9(Xi)Ms1 () — Mg2(\)} =0,

z n+1

where Mg1(\) = E[Is exp{\Tg(X)}], and Mg2a()\) = E[Is exp{\Tg(X)}g(X)].
Thus we obtain that

n+m

Vm{V(d) = V(d)} =— Z{uA d(X;), X;) — V(d)}
zn+1
+ — Zfﬁb %a

Finally, we conclude that /m{V (d) — V(d)} = N(0,02), where 02 = E[(u(d(X), X) —
V(d))?.
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Appendix G. Proof of Theorem 10 and Theorem 11

Proof When the source and target populations have the same distributions, both Vb r(n)
and Vop(n) converge to V(n). The asymptotic variance of Vpgr(n) is

_ 2
P =E [PUSIS:D (a0 20+ 2= ke, x) - v ]
_ Is 2 HA=d(X)} ., 12
- & |y (a0, ) + At e 0 - v
A (4, 20(a(0),5) - 2030, 0V )
T4
2I{A = d(X)}

while the asymptotic variance of ch(n) is

I I{A = d(X)}
ms(X)ma(X)

oty = (IT e(X)u(d(X), X) +

2
K(AX) - v<n>) ]

_ Is I{A = d(X)}
=E KIT (X)) (d(X), X) + 202 (X)
25 I{A=d(X)}

ms(X)ma(X)

K*(A,X) = V()

—2Ip (X ) pu(d(X), X))V (n) K(AvX)V(n)ﬂ ,

where

_ Ay() * dMg(u] A, X)
KD = gz —H0" | Tala g A A0

Since we have that

. { I 20{A=d(X)}
P(Is=1)  m(X)

K(4, X>u<d<X>,X>} _o,

and for
5 e {s (00, 30, 2o e 0. ) v, 2SS e xven ).
we also have that
Ig Is
® 57 =77 = Sre0ml =2 |50

we conclude that 0123 R= U% -
By the law of iterated expectations, the value function Vy = E[y(7'(d))] = Ex[E[y(T'(d)) | X]].
When there is no restriction on the class of ITRs, the true optimal ITR is

d™(X) = arg max Vg = arg mC?XEX[E[y(T(d)) | X]]
= HE[y(T(1)) [ X] > Ely(T(0)) | X]}-
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That is, the optimal ITR does not depend on the covariate distributions, but only the bilp
function which is the same in both the source and target populations by Assumption 2.
Thus both the maximizers of Vpr(n) and Vor(n) converge to the true population param-
eter n**. However, Vb r(n) is biased since the expectation Ex is taken with respect to the
source population. [ |

Appendix H. Additional simulations

We first investigate the performance of the cross-fitted ACW estimator with different sam-
ple sizes (N,m) = (5 x 10%,2000), (1 x 10%,4000), (2 x 10%,8000), (4 x 10°,16000), (6 x
10°,24000), (8 x 10°,32000). Figure 3 and Table 3 report the results from 200 Monte Carlo
replications. The variance is computed using the EIF.

Figure 3: Boxplot of estimated value by ACW estimator with different sample sizes.
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Appendix I. Details of real data analysis

There are around 0.5% and 1.6% missing values in the RCT and OS data, respectively. We
use the mice function in the R package mice (van Buuren and Groothuis-Oudshoorn, 2011)
to impute the missing values.

Motivated by the clinical practice and existing work in the medical literature, we consider
ITRs that depend on the following five variables:

45



ZHAO, JOSSE AND YANG

Table 3: Numeric results of the ACW estimator. Bias is the empirical bias of point esti-
mates; SD is the empirical standard deviation of point estimates; SE is the average
of standard error estimates; CP is the empirical coverage probability of the 95%
Wald confidence intervals.

n;m(x10%) ~780;2 ~ 1560;4 ~ 3120;8 ~ 6240;16 ~ 9360;24 ~ 12480;32

Bias 0.1041 0.0253 0.0134 0.0046 0.0031 0.0030
SD 0.1394 0.0985 0.0635 0.0419 0.0317 0.0267
SE 0.1611 0.0942 0.0627 0.0417 0.0330 0.0284
CP(%) 97.5 93.5 96.0 94.5 97.5 97.0

e AGE, SEX and Sequential Organ Failure Assessment (SOFA) score: these three base-
line variables are well related to mortality in ICUs, so we consider them as important
risk factors.

e Acute Kidney Injury Network (AKIN) score: Jaber et al. (2018) observed that the
infusion of sodium bicarbonate improved survival outcomes and mortality rate in
critically ill patients with severe metabolic acidemia and acute kidney injury. In the
observational data, the AKIN score was not recorded, so we computed the score using
serum creatinine measurement (Zavada et al., 2010).

e SEPSIS: we consider the presence of sepsis as a risk factor because it is the main
condition associated with severe acidemia at the arrival in ICU. The effect of sodium
bicarbonate infusion on patients with acidema and acute kidney injury was also ob-
served in septic patients (Zhang et al., 2018b).
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