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Abstract

Artificial intelligence systems are trained combining various observational and
experimental datasets from different source sites, and are increasingly used to
reason about the effectiveness of candidate policies. One common assumption
in this context is that the data in source and target sites (where the candidate
policy is due to be deployed) come from the same distribution. This assumption is
often violated in practice, causing challenges for generalization, transportability,
or external validity. Despite recent advances for determining the identifiability of
the effectiveness of policies in a target domain, there are still challenges for the
accurate estimation of effects from finite samples. In this paper, we develop novel
graphical criteria and estimators for evaluating the effectiveness of policies (e.g.,
conditional, stochastic) by combining data from multiple experimental studies.
Asymptotic error analysis of our estimators provides fast convergence guarantee.
We empirically verified the robustness of estimators through simulations.

1 Introduction

In the empirical sciences, conclusions on the effect of actions or policies is often supported by evidence
drawn from prior observations and experiments. The conditions under which such inferences can
be formally justified can be traced back (in part) to Campbell, Stanley and Cook [10, 11, 14]. They
argued for a basic dichotomy in the kinds of questions that scientists seek to answer from experimental
data. On the one hand asking whether “in fact, the experimental stimulus made some significant
difference in this specific instance?”, and on the other hand asking “fo what populations, settings, and
treatments can this effect be generalized?” [10, p. 297]. These inferences have since been labelled as
internal validity and external validity, respectively.

External validity is concerned with the extent to which findings from one population can be “re-
processed”, or “re-calibrated” so as to circumvent population differences and produce valid general-
izations in a target population where experiments cannot be performed (e.g., outside the laboratory,
different domains, etc.). The validity of these inferences will necessarily be contingent on a careful
analysis to ascertain the commonalities and differences between domains as, for example, if the
target domain is completely arbitrary generalization is impossible. In the causal transportability
literature, the basis for generalization (also called transportability) is justified by the stability and
invariance of the causal mechanisms shared across populations and domains [20, 32]. Several graphi-
cal characterizations exist to delineate the conditions under which transportability is possible, with
recent algorithms proposing solutions for general instances of the external validity task combining
observational and experimental distributions under partial observability [36, 2, 3, 16, 30].
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These algorithmic solutions express a target policy effect in terms of the observational and experi-
mental source distributions. Still, then one needs to go further and estimate the resulting expression
from finite samples. In practice, with a finite number of samples and potentially high-dimensional
covariates, estimating causal expressions is quite challenging. Effective estimators have been de-
veloped for specific settings, starting with doubly-robust estimators for functionals given by the
backdoor criterion [13, 37, 9, 45], and recently extended to cover general identification scenarios with
observational and experimental samples [25, 26, 8]. These techniques also find parallels across other
related disciplines, such as reinforcement learning where re-weighting [42, 31], outcome modelling
[6], and doubly-robust estimation [18], are common for evaluating the effect of policies to overcome
shifts in the behaviour policy. Recently, [44] and [22] have considered policy evaluation under
covariate shift and selection bias, a special case of the external validity problem with a given graph.
Despite their generality, existing estimators still only cover a limited portion of realistic scientific
inferences. In particular, existing methods are not applicable in settings where datasets are collected
in different domains.

We consider the generalization of causal claims from observational and experimental data through the
task of policy evaluation. The target for inference is [E po [Y] where P? symbolizes the distribution
of data in a target domain (indexed as 0) in which a hypothetical policy of interest 7 (also known as
dynamic treatment regimes [33] or soft interventions [16]) has been implemented. The question then
becomes how to identify and estimate IEpo [Y], given finite samples from multiple observational and
experimental data (e.g., P,Zr , a source domain indexed by ¢ in which experimental policy is 7; that
may differ with 7g) collected under different settings and structural assumptions, encoded in causal
diagrams. We aim to bridge the gap between identification and estimation to solve general instances
of external validity. Our contributions are twofold:

1. Sec. 3: We develop nonparametric identification criteria (Thm. 1) to determine whether the effect
of a policy may be expressed through an adjustment formula from two separate distributions
induced by policy interventions, collected from different populations. Based on this formulation,
we develop a multiply robust estimator (Thm. 3) that enjoys multiply robustness against model
misspecification and bias.

2. Sec. 4: We generalize these identification criteria (Thm. 4) and propose a general multiply-robust
estimator (Thm. 6) applicable for the evaluation of policies from multiple source datasets.

1.1 Preliminaries

We use bold letters (X) to denote a random vector and X a random value. Each random vector
is represented with a capital letter (X) and its realized value with a small letter (x). Given a
set X = {X1,---,X,}, we denote X := {X;,---,X;}. For a discrete vector X, we use
1x(X) to represent the indicator function such that 1,(X) = 1 if X = x; 1x(X) = 0 otherwise.
For comprehensibility, we use P(v) to denote a probability at V at v for discrete/continuous
random variables V. In similar, we use ), for Z < V for the summation/integration over a
mixture of discrete/continuous random variables Z For example, we write the back-door adjustment
as >, Ep[Y | z,z]P(z) even when Z is a mixture of discrete/continuous variables. We use
Ep[f(V)] = >, f(v)P(v) for a function f. For a sample set D := {V(; : i = 1,--- ,n}
where V ;) denotes the ith samples, we use Ep[f(V)] = (1/n) 3" | f(V(;)). Weuse | f|p =

Ep[{f(V)}?]. If a function f is a consistent estimator of f having a rate r,,, we use f — f =
0p(ry). We say f is Lo-consistent if | f — f|| p = op(1). Weuse f — f = Op(1) if f — f is bounded
in probability, and f — f = Op(r,) when f — f is bounded in probability at rate r,,.

We use Structural Causal Models (SCMs) as our framework [35]. An SCM M is a quadruple
M = (U V,P(U),F). Uis a set of latent variables following a joint distribution P(U). V is
a set of observable variables whose values are determined by functions 7 = {fy, : V; € V} such
that V; < fv,(pay,,uy,) where PA; < V and Uy, < U. Each SCM M induces a distribution
P(V) and a causal graph G in which directed edges from every variable in PA; to V; exist. Dashed-
bidirected arrows encode correlated latent variables.



2 Policy Evaluation Integrating Multiple Experimental Datasets

We investigate the sequential decision-making setting concerning a set of actions X, a series of
dynamic covariates Z, a series of static covariates C and an outcome variable of interest Y in an
SCM M. A policy vector 7 := {r’} over actions X = {X1,---, X,,} is an ordered set of decision
rules for each X; € X. Actions are selected according to a topological ordering X; < --- < Xg
over time. Each action X is potentially associated with a set of prior static and dynamic covariates,
for example, the decision rule for X, could be defined as z, ~ n(- | z(®), x*~1) c(*)). Every
7( Xy, | ZF), X+=1) C*)) is a probability distribution mapping from domains of the set of inputs
{Z®), X(#=1) C(*)} to the domain of actions X. The implementation of a policy 7 in M induces
an intervened model M, that sets values of every X € X to be decided by the policy 7, replacing
the functions {fx, X € X} that would normally set its value. We denote a distribution induced by
M as P,. Now, we fix the notion of the policy evaluation as follows:

Definition 1 (Policy evaluation [41]). The policy evaluation is to predict the effectiveness of a policy
vector 7 on an outcome Y in an target SCM MO i.e., 1o = Epo [Y]

Difficulties in estimating E po [Y] comes from that the distribution or samples from P? are generally
not available. These discrepancies can be formalized under the rubric of SCMs as follows. In the
most general setting, an investigator might leverage multiple source domains { M, M2 ... MK}
over V that entail distributions P : { P!, P2, ... PX}. Data or samples from these distributions may
be available under different behaviour policies, e.g., 71, 72, . . ., T, depending on the study or data
collection protocol implemented in each domain (that might include an observational regime, i.e. no
policy implemented). To ground the policy evaluation problem, we define graphical tools to capture
commonalities and discrepancies across domains.

Definition 2 (Domain discrepancy [29]). For every pair of SCMs M*, M7 (i, j € {0,1,2,...,K})
defined over V., the domain discrepancy set AU < V is defined such that for every V € Ay there
might exist a discrepancy between fM" # fi, or PM' (uy) # PM (uy).

Definition 3  (Selection diagram  [29]). The selection diagram Go =
{97 }je01,2,...,1) U{Gaos Vieq1,2,....7y is a graph constructed from G' (i € {0,1,2,...,T})
by adding the selection node S;j to the vertex set, and adding the edge S;; — V for every V € A;j.

A, j locates the mechanisms where structural discrepancies between two domains are suspected to
take place. V ¢ A; ; represents the assumption that the mechanisms for V' are invariant across the
two domains. The induced selection diagram is a parsimonious representation of these constraints.
The following example illustrates these notions.

Example 1 (External validity under covariate shift). A common instance of the external validity
problem in the literature considers the evaluation the effect of a policy 7 : Q¢ x Qx — [0, 1] for
assigning a treatment X € {0, 1}, subject to shift in the distribution of covariates C'. For this example,
let source and target domains M : { M, M°} over V = {C, X, Y },U = {Uxy, Uc} be defined as
follows,

C « fe(Uc) C « f&(Uc)
M AF =X < fx(CUxy) Mo AT =X < fx(CUxy)
Yny(X,C,ny) Y%fy(X,C,ny)
PU) =PUxy)PU¢) PY(U) = P(Uxy)P°(Uc)

Here, C € Ay 0,{Y,C} ¢ Aj o as only the mechanism for C varies across domains. Consider the
evaluation of m: (X = 1] ¢) := 1/(1 + exp{—c}) given an experimental dataset in M in which
X has been randomized, i.e., X ~ Bern(0.5), and covariate data P°(C) available in M°. Notice that
we do not have access to the specification of the SCMs M, but only the induced diagrams G2, and a

subset of entailed distributions PP : {Pémd( x) (X,Y,C), P°(C)}. The policy effect is expressible as

EpolY] = Y 4Py | ¢ 2)m(a | )PO(c),

T,CY

and estimated given the policy 7 and the combination of the available data from P!, PP, |
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Figure 1: Graphs illustrating the inference of a two-stage treatment strategy mo := {mo(z1 | 1), mo(z2 |

x1, c2,w)} given data from source domains M*, M?, described in Example 2.

3 Combining experiments from two domains

Example 1 illustrates two challenges in combining data from different domains to infer the effect
of a new policy in a target domain. In a first instance highlighting the challenge of identification,
that is inferring an expression in terms of P that identifies the policy effect, and in a second instance
highlighting the challenge of estimation, that is providing efficient estimators from finite samples for
the identified policy effect. The following example will serve to motivate this setting.

Example 2 (Two-stage treatment strategies). A team of physicians is contemplating a treatment
plan 7y against heart disease Y for their patients in M?. They consider administrating two drugs
in sequence: a drug against hypertension X, followed by an anti-diabetic drug X5 depending on
the effect of X; on blood pressure . To support their evaluation, two studies exist on these drugs,
from domains M1, M2, that, however, have only analyzed their effect in isolation (on X; and X,
separately) and under different treatment guidelines, 7y, T respectively. The data collected refers to
the variables V := (Y, Cy, Ca, X1, X2, W) in which (C;, C3) are demographic variables. Formally,
we assume physicians have access to P : {P} (V), P2 (V),P°(Cy,C;)}. The superscripts in
PO P P? are the index for the domain, and the subscripts 7o, w1, T2 denote the policies for
assigning treatments. G2 in Fig. 1 encodes the structural assumptions, which include discrepancies
across domains and implemented policies in the available data. For example, the graph Q}rl specifies
the known guideline 7r; used in M*, while no specific plan was followed for the assignment of X5,
that in practice depends on the patient’s covariates Cy as well as unobserved factors, e.g. mood,
health awareness, etc. (summarized in the bi-directed arc). In addition, selection diagrams describe

differences between domains. For example, the edge {Sc, — C1}in g,ﬁf’l indicates a potential

change in the distribution of covariates C across domains MY, M*. The question then becomes how

to estimate Epo [Y] given (G2, P). [ |
0

3.1 Identification

Example 2 illustrates the complexity of drawing inferences from multiple datasets collected under
different settings. We extend this example to provide a general identification procedure for the effect
of policies when two source datasets subject to different policies and/or discrepancies with the target
domain are available. Let V := (Y, C, X1, W, X5, WY S) denote a set of disjoint variables, where
Y is an outcome variable, C, (C, W) are covariates corresponding to two experiments, (X1, X2)
are treatment variables, and S denotes the selection nodes describing discrepancies across pairs of
domains. Formally, the task signature is given as follows:

* Input: Samples from P = {P} (V), P%(V), P°(Cy,C2)}; structural assumptions G= :=
{gﬂ'07 T 7'('27g7'r01 gAOQ}'

* Query: Estimate E P2, [Y] where PV is distribution on the target domain and 7 is a target policy
assigning treatments with mo(X; | C1) and mo(X2 | Co, W).

Given these inputs, a sufficient condition for identifying the query is given as follows:

Definition 4 (Adjustment criterion for combining two experiments). Given G2, the adjustment
criterion for combining two experimental datasets is defined by the following d-separation statements:

1. Domain transfer for Y: (Y 1l S| C, X1, X5, W) in gﬂ 02. je., the distribution over Y is

invariant between the source distribution from M? and the target.
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2. Domain transfer for W: (W 1S | C, Xy) in Gx,'*; i.e., the distribution over W is invariant
between the source distribution from M and the target.

3. Adjustment for Y: (Y 1L 7; | C1,C2, X1, Xo, W) in Gy, fori € {0,2}; i.e., the distribution
over'Y is invariant between regimes mo and .

4. Adjustment for W: (W 1L 7; | C1,Co, X1) in Gy, fori € {0, 1}, i.e., the distribution over W is
invariant between regimes my and 1.

The adjustment criterion could be shown to hold for Example 2. Specifically, domain transfer Y could
be shown by inspecting Fig.5e as the set S = {S¢,, Sc,, Sw} is d-separated from Y, conditional on
{C4,C4, X1, Xo, W}. Similarly, domain transfer for W holds as S = {S¢,, S¢,, Sy } is d-separated
from W, given C1, C5, X7 in Fig.5d. Similarly, one could verify the adjustment condition for Y by
inspecting Fig.5c and the adjustment condition for W by inspecting Fig. 5a.

For this example, these conditions imply identifiability of the target query E PO, [Y] given (G2, P).
Theorem 1 (Adjustment for combining two experiments). Under the adjustment criterion in Def. 4,
the target query ¢o = Epy. [Y'] is identifiable from the samples from Py (V), PZ,(V), P°(Cy, Cy).
Specifically, it’s expressed as follows 3:
EP,QO [Y] = Z Esz [Y | C7U},X]’/T0(£C2 | va)Pil (w | 0171'1)770(1'1 ‘ C)PO(C)v (1)
w,c,X

where X = (X1, X3) and C := (Cq, Cs).

Effectively, despite the differences across domains encoded in Example 2, the effect of the new
combination of anti-diabetic and anti-hypertensive drugs 7, can be estimated using samples from
experiments already conducted in M*, M?2, and baseline characteristics of patients in M.

3.2 Estimation

This section considers the estimation of the effect of policies, building on the identification criterion
in Thm. 1. We first parameterize the identification estimand in Eq. (1) with two types of nuisance
parameters p and w. w is a collection of regression parameters, and w is a collection of the ratio of
distributions.

The regression nuisance parameters are defined as follows: p2(C,W,X) := E P2, [Y | C,W,X]
and i§(C, W, X1) = Y. ug(C,W, Xy, z9)mo(x2 | C,W,X;). Recursively, uj(C,X;) =
Epy [45(C, W, X1) | C,X1] and [15(C) = X, #5(C,@1)mo(z1 | C). Eq. (1) can be param-
eterized as Epo [V] = Epo [133(C)].

On the other hand, the ratio nuisance parameters w3, wg are defined as functionals satisfying the
following properties:

Epg[Y] = Epz [13(C, W, X)73(C, W, X)] = Epy [uh(C. X)mh(C. X)) @)

A closed form of the w} is provided in the later section at Eq. (14). By the definition of ratio nuisances,
Eq. (1) can be parameterized as E po. [Y]=E P2, [w3(C, W, X)Y]. Equipped with these nuisances,
we now present the DML-based estimator for the target query:

Definition 5 (DML for combining two experiments). Ler D> ~ P2 (V), D! ~ Pl (V) and
D ~ P°(C). Let L > 2 denote a fixed number

1. Sample split: For { = 1,--- , L, randomly split D" for i € {0, 1,2} into L-fold. The {’th partition
of the sample is denoted D}. The complement is D* , := D'\D,,

2. Nuisance estimation: For each { = 1,--- , L, learn the estimator model i} and i} for u3, ji$
using samples D? ,, D' ,, respectively. Also, learn the estimation model for &5}, &7 for wl, w?
using samples D" g Jori =0,1,2, respectively.

3Thm. 1 remains valid for a mixture of discrete and continuous W, C, and X. For these cases, sums can
be appropriately replaced by Lebesgue integrals. However, we continue to use summation notation in our
explanation to keep the presentation of the identification result straightforward.



3. Evaluation: The DML estimator v for E PO, [Y] is then given as

Z Epz[wy Y — gyl + Ep: [w¢{A7 — g}l + Epo [¢]- 3
L3

Estimating the ratio nuisance {&!, 2} can be challenging due to the necessity of estimating density
o5 lik Pr(C)  Pp (W|C,X1)
ratios like P20 O PR WIC.X)

We employ the classification-based method for estimating the

1
density [17, Sec. 5.4]. To illustrate this method, consider estimating 1;2 EC; We assign A = 1if

1
samples of C are from Pﬁl and A = 0 if from P2 Then, it’s provable that P2 Egi = {;E’;iéig; ,

which can be estimated using off-the-shelf probabilistic classification estimators.
The error of the DML estimator is presented below:

Theorem 2 (Learning Guarantees). Suppose [i7,fif < o and 0 < wf o < oo
Define $*(V;p2,7%) = w*(C,W,X){Y — p2(C,W,X)}, ¢*((C,W, X1); % put,wl) =
w'(C, X1){i*(C, W, X1) — p'(C, X1)}, and ¢°(C; i) == ' (C) — . For'i 0 1,2, de-
ﬁne (bf) as @' equipped with true nuisances (), 75) and ¢} as ¢* equipped with estimated nuisances

i, 7. Define R; == (1/L) Zz 1(Ep; [62] — Epi[i]) fori = 0,1,2. Then,

1. The error 7,/; — g is decomposed as follows:

X 2 1 L2 _ _ _ _
o= 3 Rit 7 D) 2 B [ — ek — &} @)

: ) 2 16}~ bl
DR <34y/= — )
i=0 € D]
3. Let "5?,0 =Epi [|¢]3]. Let ®(x) denote the standard normal CDF. W.P greater than 1 — €,
. 2 i 2
‘ D 1 2 & lop = ¢olp: 0.4748k3
P Ri<z|—0(x) < —\|— - R L 6)
¢ ( Pk,0 \/ﬂ € =1 |D€‘ pg,O\/W

If the nuisance parameters /i, and 7 converge at a rate of n~—1/* (where n is the size of the smallest
sample set), the DML estimator achieves a faster convergence rate of n~'/2. This rapid convergence
allows its asymptotic distribution to closely approximate the standard normal distribution, as is further
clarified in the asymptotic analysis:

Theorem 3 (Asymptotic Error). Suppose each nuisance estimates fi2, ji};, &2, &} are Lo-consistent
and bounded. Then, the error of the DML estimator ’(ZJ in Def. 5 is given as follows:

L

2 L
b—to =D Ri+ >, Opz (|7 — 13|17 — w3l + 2 iz = molller = wl),

=0 {=1 (=1

where R; converges in distribution to normal(0, pi ).

Eq. (7) implies that the error term z/} — 1) converges to zero faster than the convergence rate of
nuisances, which is a property known as debiasedness.
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Figure 2: Graphs illustrating the inference of a multiple treatment strategy To = {mo(z1 | c1),mo(z2 |

x1,c2,w1), o(x3 | T2, c3,w2)} given data from source domains M*, M?,

4 Combining multiple experiments

In this section, we extend our method to incorporate the combination of data from multiple experi-
ments, specifically focusing on m different experiments derived from varied policies (7;) in distinct
source domains (M"). A practical scenario for this task is the following:

Example 3 (Multi-stage treatment strategies). Consider a scenario involving hospitals in three
different cities: New York (domain 1 with P!, G'), Los Angeles (domain 2 with P2, G?), and San
Francisco (domain 3 with P23, G3). Each hospital has different guidelines, i.e., policies, for diabetes
treatment. In New York, the hospital focuses on insulin therapy adjustment based on the patient
lifestyle choices, primarily for Type 1 Diabetes patients (71). In Los Angeles, the hospital focuses on
team diet and exercise regimen adjustments, primarily for Type 2 Diabetes patients (72). In contrast,
San Francisco’s approach involves advanced monitoring and Al-driven predictive adjustments for
higher-risk diabetes patients. Now, as the leader of a new clinical team in Chicago (the target domain
with P%, G0), the task is to evaluate a novel candidate treatment policy 7o, which integrates the
strategies from these three domains to provide comprehensive care for both Type 1 and Type 2
Diabetes patients. The structure of the problem is captured in causal diagrams in Fig. 2, illustrating
the data-generating process, the experiments in each city, and the assumed discrepancies between
these source domains and Chicago. ]

4.1 Identification

We consider a sequence of variables (C, X1, W7y, --- , X,,, W,,, := Y) where (C, W(~1)) represent

the covariates corresponding to each of the i’th experiments, and (X1, - - - , X,,,) are the corresponding
treatment variables. We are given samples drawn from P; (V) fori = 1,--- ,m and PY(C). We
will leverage causal diagrams G, and selection diagrams G20+ for every i = 1,--- ,m. Formally,

the task signature is given as follows:

« Input: Samples from P. (V) fori = 1,--- ,m and P°(Cy, Cy); Causal diagrams G’ and
. . Ao, )
selection diagrams G, fori =1,--- ,m.
* Query: Estimate the effect of the target policy my on the target domain M?; i.e., E PY, [Y].

Definition 6 (Adjustment criterion for combining multiple experiments). The adjustment cri-

terion for combining multiple policies are the following d-separation criterion in the the DTRs

. . A A
GrosGmrs** s Gn,. and the selection diagram Gry*, -+, Gry"™.

1. Domain transfer for Y: (Y L S| C,W,X) in Qﬁf”m; i.e., the distribution over Y is invariant
between the source distribution from M™ and the target.
2. Domain transfer for W; fori = 1,--- ,m —1: (W; 1L 8 | C® W=D jn GV s e, the

istribution over W; is invariant between the source distribution from an e target.
distribut W; t bet th distributi M and the target



3. Adjustment for Y: (Y 1L 7; | C,W, X)) in G, fori € {0,m}, i.e., the distribution overY is

invariant between regimes my and .

4. Adjustment for W; i = 1,--- ,m—1: (W; L m; | CO, XD in G for j € {0,i}; i.e., the
distribution over W; is invariant between regimes my and ;.

These conditions lead to the following identification criterion.

Theorem 4 (Adjustment for combining multiple experiments). Under the adjustment criterion in

Def. 6, the target query 1y = E Po, [Y'] is identifiable from the samples from P} (V),--- , P (V)

Tm

and P°(C). Specifically, it’s expressed as follows:

m—1 m—
Epy. [Y] = Z Eppn [V | c,w,x] n Pl (w; | e, x(= w1 n zj | ¢, wI=D)PO(c),
w,C,X i=1 j=1
(®)
4.2 Estimation

The regression nuisance parameters are defined as follows. We first define the following nuisance.

po' (C, W, X) = EP,’;';H [Y|C, W, X] )
g (C, W, Xm0y = N T (a0 | WD) g (C, W, XY ) (10)
Tm
Forv=m —1,---, 1, the other nuisances are defined in a following manner:
,uf)(C7W(i_1),X(i)) = EP’ [ 1+1(C,W(i),X(i)) | C,W(i_l),X(i)], (1)
i (C, W=D X1y . Z”o C, WO X0=D pymi(2;, C, WD), (12)

Ti
We note that Eq. (8) can be parameterized as E po. [Y] = Epo[jz§(C)]. On the other hand, the ratio
nuisance parameters wj fori = 1,--- ,m are defined as functionals satisfying the followings:
Epg[Y] = Ep; [15(C, WD, XD)wj(C, W, X)), (13)
where the closed form is given as
; mo(X; | C WD) [T} PL (W, | €, XU~D, WUD)my(X; | C, WD) PO(C)
T PS,(C, W=, X®)

(14)

Eq. (8) can be parameterized as Eprm [w(™)(C, Wm=1 X))y Equipped with these nuisances,
we define a corresponding estimator as follows.

Definition 7 (DML for combining multiple experiments). Let D' ~ P}r (V)fori=1,---.m
and D° ~ P°(C). Let L > 2 denote a fixed number.

1. Sample split: For { = 1,--- , L, randomly split D forie {0 1,---,m} into L-fold. The {’th
partition of the sample is denoted Di. The complement is D' , := ’Dl\Dl

2. Nuisance estimation: For each { = 1,--- L, learn the estimator model [ij’*,--- , ﬂ% for
e, -+ ud using samples DTZ,Dl_Z, respectively. Also, learn the estimation model for
Wpy oo WP forwl, -+, Wi using samples D, fori = 0,1,--- ,m, respectively.

3. Evaluation: The DML estimator v for B PO, [Y] is then given as

L m

1 .
7 2 2 Byl — ait] + Eppld]. (15)
l 1:=1

The error of the DML estimator is presented below:



Theorem 5 (Learning Guarantees). Suppose w1t < 00 and 0 < wh, 75 < oo almost surely for
i=1,---,m. Define *((C, W& X®): ot i+l 10} = wH{p*+t — p'} fori = 1,--- ,m, where
gt =Y. Let ¢°(C; it) = it —pg. Fori = 0,---,m, define ¢}y as ¢ equipped with true
nuisances, and (252 as ¢' equipped with estimated nuisances. Define R; == (1/L) Z£=1(ED;' [(ﬁ}] —
Epi[¢}]) fori = 0,1,--- ,m. Then,

1. The error 1& — g is decomposed as follows:

m

) — ¢o—ZR+ ZZEP [{ah — p Hwd — @3} (16)

2121

2. Let p} ) = Vp;i [¢4]. With probability (W.P) greater than 1 — e,

m 9 Lom |¢h— %HQL
YR < (m+1)/= DD — = o] . (17)
=0 € £=11i=0 |

3. Let K} = Ep;, [|¢}]3]. Let ®(x) denote the standard normal CDF. W.P greater than 1 — €,

g 7 i2
N 1|1 & 19— aole: 0474843,
P! Ri<z | —®(x)| < —\ |- , =+ (18)
! ( Pk,0 \2m\ € le |Dj| P30 /|DF|’
A corresponding asymptotic error analysis is following:
Theorem 6 (Asymptotic Error). Suppose each nuisance estimates {A‘%v co L and &f - O

are La-consistent and bounded. Then, the error of the DML estimator i) in Def. 7 is given as follows:

W — wonR +220p7 (s — mhlllws — wil), (19)

(=11i=1

where R; converges in distribution to Normal(0, p3 ).

Similarly to Thm. 3, this result implies that the DML estimator 1/3 converges fast even when the
nuisance estimates converge relatively slowly.

S Experiments

In this section, we demonstrate the proposed estimators in Defs. (5,7) for combining multiple
experimental datasets from different domains. We first compared the estimators on synthetic data
to provide evidence of the fast convergence and doubly robustness behaviours of the proposed
estimators. We conclude with an analysis of the ACTG 175 clinical trial [21] and Project STAR. We
will use T°(x) for est € {reg, pw,dml} to denote the estimators {OM, PW, DML} for the policy
effect £ PY, Y. OM and PW estimators are purely based on the regression-based nuisances p and
w, respectively. To assess the quality of each estimator, we consider the absolute error (AE) as
AE™ = |T%(x) — E PO, [Y]|. We used XGBoost [12] to estimate nuisances.

Synthetic Simulations We ran 100 simulations for each N = {2500, 5000, 10000, 20000} where
N is the sample size. We measure the AE® in the presence of the ‘converging noise €’ in estimating
the nuisance, decaying at a N~/* rate (i.e., ¢ ~ normal(N~/4 N~1/4) where N is the size of
samples). To enforce the convergence rate of nuisance estimates no faster than the decaying rate
n~%, we add € to all nuisance estimates. This scenario is inspired by the experimental design
discussed in [27]. The AE plots for combining two/multiple experiments are presented in Figs. (3a,
3b). For all examples, the proposed DML estimator outperforms the other two estimators by achieving
fast convergence. This result corroborates the robustness property in Thm. (3, 6), which implies that
the proposed estimator converges faster than the other counterparts.
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Figure 3: Comparison of the proposed DML estimator with other counterparts (outcome-based model called
‘OM’, and the probability-weighting-based model labelled ‘PW’) for (a,b) synthetic data analysis for combining
two and multiple experiments; and (c,d) real-world data analysis under the noise-free or noisy environments in
learning nuisances.

External validity: ACTG 175 To provide empirical evidence, we analyze the ACTG 175 random-
ized trial [21], which assessed therapies for reducing CD4 T cell counts in HIV patients. Participants
were randomly assigned to treatments X, € {0, 1}, with prior anti-retroviral drug use X; € {0,1}
recorded. Patient demographics C7, Co—including gender, age, weight, and Karnofsky score—were
collected, and CD4 T cell counts (W) were measured. To simulate an alternative study with a modi-
fied guideline for X7, we sub-sampled ACTG 175, adjusting covariate distributions and assignments
of {X1, Xo}. Specifically, we evaluate a stochastic policy mp = {mo(z1 | ¢1),mo(x1 | e2)} for
combining X; and X5 based on C1, C5, with distribution PO representing a location with differing
covariate distributions and treatment assignments. Further details are provided in Appendix D.2.

We evaluated the AE®" of all proposed estimators with and without noise (as described in the synthetic
simulations). The AE plots are shown in Figs. (3¢, 3d). Results indicate that both the regression and
DML estimators converge to the true policy effect faster under noisy conditions, whereas the PW
estimator converges more slowly. However, DML does not consistently outperform at all sample
sizes (see Fig. 3¢), as its error is influenced by the combined errors in the OM and PW estimators.
Consequently, high error in the PW estimator may lead to increased error in the DML estimator.

External validity: Project STAR We further examine policies on 0.5 ~+ om
teacher-student ratios (i.e., class sizes) to improve academic achieve- 04 o
ment, using a semi-synthetic adaptation of the Project STAR dataset

[40]. This longitudinal study evaluated the impact of teacher-student
ratios on academic outcomes for students in kindergarten through third
grade, with students randomized each year to one of three class size 0o

interventions. Here, we assess a 3-stage policy setting student-teacher " 2000 5000 10000
ratios across Grades 0, 1, and 2, observing academic scores as interme- Sample size ()
diate outcomes, with baseline covariates (e.g., ethnicity, gender) and Figure 4: STAR Results.
final academic scores at the end of Grade 3 as the primary outcome. To

emulate data collected across different domains, we subsample using various probabilities to shift
baseline covariate distributions, as done in ACTG 175 (see Appendix D.3 for details). We evaluated
the PW, OM, and DML estimators across dataset sizes, plotting their absolute errors against the true
effect of the candidate policy. Results, shown in Fig. 4, mirror earlier experiments, with all estimators
improving as sample size increases and DML showing faster convergence.

w

w 0.3
0.2
0.1

6 Conclusion

This paper has considered the evaluation of the effectiveness of policies in settings where the available
data is sampled from distributions that differ from the population in the target domain. We have
illustrated this task with the problem of extrapolating the results of a clinical trial in both working
examples and real-world scenarios to evaluate variations of the treatment in different populations.
Our contributions are (1) introducing several identification criteria for the effectiveness of policies
given experimental datasets from two or more domains and (2) developing doubly robust estimators
for these settings that achieve fast convergence.
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A Related Work

Evaluating the impact of a policy using observational and experimental data under different condi-
tions is a widespread challenge in various important decision-making fields. Formulations of this
problem have appeared in the causality literature, but also in statistics, reinforcement learning, and
epidemiology.

Off-policy evaluation (OPE) aims to assess the performance of policies of interest using observational
samples. In this line of research, [44] considers generalizing the effect of a policy under distribution
shift. We build on this intuition, but instead seek to combine multiple (policy-)interventional data
from source domains to learn the effect of policies of interest on the target domain. [1, 23] for
instance used auxiliary datasets from multiple bandit instance, though they setting assume that the
datasets are sampled from the same underlying populations and environments. Several authors have
also considered transfer learning in off-policy learning in the context of bandits [46, 5]. Further, [22]
addresses the problem of selection biases in observational data for off-policy learning.

In the causal inference literature, combining multiple experimental studies to estimate a new causal
effect is a task called generalized identification [30]. Recent progress has been made in developing
corresponding estimators [26, 24]. However, these estimators are not applicable when our goal is to
combine multiple policy interventional studies from source domains to estimate a causal effect in
the target domain. Accordingly, [4, 29, 15] developed the notion of generalized transportability that
aims to evaluate a causal effect on a target domain from multiple observational and / or interventional
distributions from other source domains. In this line of research, our work relates closely to Correa
and Bareinboim’s identification algorithm for the effect of policies [15]. We similarly develop
identification criteria that are conducive to efficient estimation from finite samples. In particular, our
work focuses on the derivation of sample-efficient estimators for the policy effect of interest on the
target domain.

From this perspective, our work can be interpreted as a bridge between causal inference and off-policy
evaluation [34] since we leverage formal theories in causal inference (e.g., generalized identification
[29], generalized transportability [15, 30]) to solve off-policy evaluation problems efficiently from
finite samples. There are prior works that similarly integrated both fields. For instance, standard
policy evaluation methods in the RL literature use the backdoor adjustment to learn the Q value as a
function of the state, to address confounding effects [41]. Meanwhile, other studies have applied the
front-door adjustment formula for OPE in the presence of unmeasured confounders [39]. Finally,
some works have leveraged double negative controls for OPE [43].

B Broader Impact Statement

Our work investigates the conditions under which policies may be estimated from multipe datasets
collected under different conditions. In this work, we start from the assumption that causal and
selection diagrams that are consistent with the underlying data generating systems of interest are
available. In general, this requires domain knowledge and should be justified by prior knowledge or
experiment. It is important also to make the distinction between the task of partial identification, that is
inferring an expression for bounds on causal effects, and that of estimation, that is providing efficient
estimators from finite samples to compute bounds in practice. This set of results concerns mostly
the second task. In higher-dimensional systems, the computational complexity of estimating the
conditional expectations and density ratios that define our estimators could be a substantial challenge.
Consequently, practitioners must exercise caution when deploying the proposed method in small
sample scenarios where estimators may be inaccurate. Moreover, we have stated our convergence
guarantees in the infinite sample limit, without quantifying the finite-sample estimation uncertainty.
Finally, we emphasize that simulations on real and synthetic data are provided for illustration purposes
only. These results do not recommend or advocate for the implementation of a particular policy, and
should be considered in practice in combination with other aspects of the decision-making process.
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C Proofs

C.1 Proof for Theorem 1 and Theorem 4

Since Theorem 1 is a special case for Theorem 4, we will only prove for Theorem 4.

Note
m—1 m—1
Epo [Y1= ) Epo [V | e,w,x] [ ] P9 (wi | ¢, X0, wlD) T] mole; | e, wi=D)POe).
- - ” (M
Then,
Epy. [Y |c,w,x] = Epy, [Y |c,w,x] 2)
= Eps [V | ¢, w,x], 3)
by leveraging the domain transfer for Y and adjustment for Y condition.
For each P, (w; | ¢, X~ w(i=D),
Pfr)o (w; | C,X(i_l),w(i_l)) 4
= Pfro (w; | c7X(i_1),W(i_1)) 5)
= P; (w; | c7X(i*1),w(i*1)), 6)

again, by leveraging the domain transfer condition for W; and adjustment condition for W;. This
completes the proof.

C.2 Proof for Theorem 2 and Theorem 5

Since Theorem 2 is a special case for Theorem 5, we will only prove for Theorem 5. Throughout
the proof, we will use C; = C, X; = {X;} fori = 1,--- ,m, and C; := {W;_1} fori =
2,---,m— 1. Also, we will sometimes use P'(C;) := P°(C), P*(C; | Ct~D U XD fori > 1
as P/7Y (Wioy | C,W—2) X(-1),

C.2.1 Proof of Mixed Bias Property

Using the fact that 109 = Epo[i], we can write it as

m m

Yo=Y Epi [¢h] +Epo[¢g] = Y Eps [#5]- (7)
=0

i=1 ——"
=0

Then, we will claim and prove the following:

Lemma 1 (Mixed Bias Property). Suppose ub, it < o0 and 0 < wb,#* < o0 almost surely for
i=1,--- ,m. Fori=1,2,--- ,m, define

o'((C W, Xt g ) = w (™ — '), ®)
and i1 =Y. Define ¢°(C; ji') = iit. Fori = 0,--- ,m, define ¢}y as ¢* equipped with true
nuisances, and ' as ¢' equipped with estimated nuisances. Then,

DB [0 = dh] = Y Eps [ — upHwp — &'} ©)
=0 =1

Proof of Lemma 1. Fori = m,---,1 with g™*! := Y, define

pola ] = Ep; [3" | €, WE XO],
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Then,

By, (&7 (! = i) + By, [ ) ~ Erg, [ 141

_

=to
=Epp [{0™ —wg'Hug' [2"] = 4™}

Fori=m—1,---,1,

Epe [0 — Y] + Epy [whit'] - Epy [whps )]

=Ep;. [{&" — wot{uolin H—l] ]
Also, the following holds:

Epe [wp™ 4] = Epy fwouo[i 1]

Finally, Epy [wifi'] = Epy [A'].

Therefore,
2 Epy [0Ha — i')] + Epy [whit'] — Eps [wiup[i ]

pi [6" = 6]

1r

Il

~
Il
=)

Il
.ME

Ep; [{&' — woHuola '] = a'}]-

=1

C.2.2 Proof for Statement 1

Recall

From Eq. (7),

Then, the error 1& — 1)y can be decomposed into

m

L
% — @Z)O—Z]qu Pi [66] + ZEED Pi ¢6]+iZ;EP@ — bp)-

=0 /=1

Define

R, =Epi_ Pi. (o] + ZED’ P [6) — o).

Then, the error can be represented as

m

m 1 L
=§Ri+zg EEP
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By Lemma 1,

s [{0p — wot{mo — g}l

h \

C.2.3 Proof for Statement 2

||M3

We will use the following results:

Lemma 2 (Combining concentration inequalities). Suppose P(Ay, >t) < by/t>fork=1,--- | K.
Then,

K 1 K
P(ZAkgtK>>1t22bk
k=1 k=1

Proof of Lemma 2. The event Z w1 Ar < tK includes the case where Ay, <tfork=1,--- K.
Therefore,

K
P(ZAkétK) >P(A; <tand --- and Ag <1t)

k=1
=1—P(A; >tor--- or Ag > t)

K
>172P Ak>t)
k=1

-2

m‘?r-

O

Lemma 3 (Stochastic Equicontinuity). LetD P Let D = Do w Dy, where n == |Dy|. Let f be
a function estimated from D1. Then, in probability greater than 1 — ¢ for any € € (0, 1),

wp 1oe If = fle fHP

e (13)

o e[|

which implies that

Ep,—p[|f — f]] = Op <f\_/—7{”P> .

Proof of Lemma 3. This proof is from [28, Lemma 2]. Since f is a function of Dy, we will denote
fp, . Define a following random variable of interest:

X = Ep,—plfp, - f]-

Then, the conditional expectation of X given D; is zero, since
IS v | Du | = LS Eplin (v ] = L
P n D, 1 _”i=1PD1 1—n

where the third equality holds by the independence of Dy and D;. Therefore,

Ep[X | D1] = Ep[Ep,—p[fp, — f]] Di]
=Ep[Ep,[fp, — f]| D1] — Ep[Ep[fp, — f]| D1
=Ep[Ep[fp, — f]| D1] — Ep[Ep[fp, — ]| D1] =0.

||M:
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plfp, (V) | D1] = Ep[fp, (V)| D1],



Also,
Vp[X | D1] = Vp[Ep,—p[fp, — f]| D1l
= Vp[Ep,[fp, — f]| D1]

= %VP[fbl — [ D]

1,4
~Nfo, — 115

By applying the (conditional-) Chevyshev’s inequality,

N

1 1 .
P(IX —Ep[X |D1][ =t |D1) < EVP[X | D1 < @”fbl — f13.
Then,

P(|X|>1t) = P(X —Ep[X [ D1][ > 1)
= Eppy)[P(|X —Ep[X | Di]| =t | D1)]

1 A 2
< m“f& — fllp-

In other words, X < ¢ in probability greater than 1 — —5| fo, — f |%. If t = M then
X < % in the probability greater than 1 — e for any € € (0, 1). O

Here, we will study the finite sample behavior of

m m L m
ZRi ZIZ Di—Pi [60] + ZZ Di—Pi, @be bh].
=0 =0 =1

By Chevyshev’s inequality,

i i, 1
T (‘EDiP};i [%]) > t\/ﬂ%> <@

or equivalently,

Pr(|E (6] > 1) < L Pio
r i pi - .
Dr—PL 170 t2 |Di|
By Lemma 2,
m 1 m
Z )EDl p1 ¢0 ’ (m + 1 *2 Z
i=0 iy i=0
By Lemma 3,
o (I L 1 165 = &5l%:.
i pi - S 35— =7
7“(‘ D;— P}, (67 — &0] ) 12 |Di]
By Lemma 2,

9 - ol s,

1L
(m+1)> %ZZ D

{=11i=

==
IIMh

(5

i ‘ED‘ Pl — %) <
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Iéi—od 12,
Choose t1 = 4/2 37", |p{)°| and to = \/ Ze DIV ‘ |D0| . Then, with a probability greater
than 1 — e,

= 2 & Pio 2 & o [oF — ok|2,
R; < 1) = z Lid AR <11 L3
2 Ris(m+ EZ|Dz|+ 9IPI BA

i=0 i=0 1=11i=1
L H¢e ¢0H27
(m+1) 2 _
Pt S 21

C.2.4 Proof for Statement 3
We will use the following result:

Proposition 1 (Berry—Esseen’s inequality [7, 19, 38]). Suppose D = {Xi,---,X,} are in-
dependent and zdentlcally distributed random variables with Ep[X;] = 0, E p[X 2] = 0% and
Ep[|X;i|*] = K3. Then, for all x and n,

‘P (\/E]ED[X] < x) - (ID(x)’ < 24T

0o a3y/n
By Lemma 3,
L 1 16— dhl
r ([Epg—p: [0 — 6b]] > t) < T (14)
¢
By Lemma 2,
L) — %|Pz
PT( ‘]Eoi Pi [¢) — o0l| < ) ] Z T 15)
=1
Define
e |1 8 Pl
' ca Dl

With a probability greater than 1 — €,

wp l—e

L
Z‘Epl Pi —dpll < A

Define
Ai = EDi_pi [¢6]

:EEW pi [0} — 6]

~

Ci:= % Z ‘ED;;—P;;, (65 — ob|-
: i

=1
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Then, R; = A; + B;. Then,

Pr(R; <x) (16)
= Pr(A; + B; <) (17)
< Pr(4;<z+C) (19)
w.p l—e
<IPr(A <z A). (20)
Then,
|Pr(A; < x4+ A;) — O(x) (21
=|Pr(A; <z+A0;)—®(x+A;)+P(z+A;) — ()] (22)
S |Pr(A; <z +A;) —®(x+ A+ [2(z + A;) — P()] (23)
0.47483
< —F———— 4 [P(z + A;) — D(2)| (Prop. 1)  (24)
pz O\/W
474
- 03 ’ 8% + [0/ (a") A (Mean-value theorem)  (25)
Pio\/W
474 1
_ 0A4748KE 06
pz 0 |DZ
This completes the proof. n

C.3 Proof for Theorem 3 and Theorem 6

By Cauchy-Schwartz’ inequality,

L m
fz S B ({1 — MG — b)) < 22 (i — @l —2il) . @D

£=11i=0

Given assumption, the upper bound in Eq. (18) converges at 1/4/|D}| rate. Therefore, R; converges
in distribution to norma1(0, p7 ).

D Details of Simulations

D.1 Data Generating Process for Synthetic Simulations

Codes corresponding to simulations are submitted as supplementary materials.

D.1.1 Synthetic Simulations for Fig. 3a

We define the following SCM. First, Uxw, Ux,  x,, Uxo,w: Uxo,v, Ucy 1, Uy o, Ucy 1 Ucs, 5, Uw, Uy ~
normal(0,1). Then,
Cy = fo,(S) = 0.255Uc, , +0.1S + Ue, ,
Cs == fc,(S) = 0.258U¢, , +0.1S + Ug, ,
X, = fx,(C1,C4,S) ~ Bernouli(m s(Ch,Ca))
W= fw(C1,C2, X1, Ux, ,w, 5) = s1gmoid(0.255Uw + 0.5Ux, w + 3X1 + 0.5(C1 + C2))
Xo = fx,(X1,W,C1,C4,S5) ~ Bernouli(ms s(C1,Ca))
Y = fy(Cy,Cq, X1, Xo, W, Ux,,y, 5) = sigmoid(0.5(Cy + C2) + 2(X1 + X3) —2 - 0.5W
+0.1Ux,,y +0.255Uw).
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Also, for S # 0,

Ci+Cy—2)

05(01 + CQ) — 1)

0.5(C1 + Co) +2(2X7 — 1) — 0.5W + 1)
Cp+Cy+2X; —1+05W —1).

m,0 = sigmoid
m,5 = sigmoid

mo,0 = Sigmoid

I~~~ o~

To 5 = sigmoid

D.1.2 Synthetic Simulations for Fig. 3b

We define the following SCM. First, Ux, x,,Ux, x5, Uw,,x,» Uw,, x5, Uwy, X0, Uws, x5, Ucy ,Co»
UCQ,C3> UX3_,Y, UC1,17 UCl,zv UCQJ, UC,L,)Q, UC3Y1, UCS_)Q, UWl, UW2, Uy ~ normal((), 1). Then,
Ci = fc, (S) = 0.25SU01’1 +0.15 + Ucl,2 +Uc,,c
Cs = fc, (S) = 0.25SUC2’1 +0.1S5 + U02,2 +Ucy,00 +Ucy,04
Cs = fc, (S) = 0.25SUC3’1 +0.15 + Uc&2 +Uc,,cs
X1 = fx,(C1,C2,8) ~ Bernouli(m,s(C1,C2))
Wi = fw, (C, X1, Uy x1s U, s, S) = s1gmoid(0.255Uw, + 0.5(C1 + Cs + Cs)
— 143X +0.5(Uw; x; + Uy, x,) + 9)
X2 = fx,(X1,W1,C1,C2,Cs,S) ~ Bernouli(m,s (X1, W1, C1,C2,C3,.S))
Wa = fw, (C, X1, X2, W1, Uw,y, x5, Uy, x5, 5) = sigmoid(0.255Uw, + 0.5(C1 + C2 + Cs)
—1+3(X1 + X2) + 0.5(Uwy, x5 + Uy, x5) +9)
X3 = fx4 (X1, Xo, W1, Ws,C1,C5,C3,S) ~ Bernouli(ms,s(X1, Xo, W1, Wa, Cy,Cs,Cs, S))
Y = fy(C,X,W,Ux,,y,S) = sigmoid(0.5(C1 + C2 + C3) + 2(X1 + X2 + X3)
— 3 0.5(Wy + Wa) + 0.1Ux, .y + 0.255Uw + S).

Also, for S # 0,

Ci+Cy+C3— 2)

05(01 + Csy + Cg) — 1)

0.5(Cy +Co+ C3) +2(2X; — 1) = 0.5W + 1)
01+CQ+C3+2X1—1+0.5W—1)

0.25(C1 + Cy + C3) + (2X7 — 1) — 0.25W7 + 1 + (2X5 — 1) — 0.25W5 + 1)
05(C1 4+ Cy+C3) +2(2X; —1) + 0.25W; — 14+ 2(2X5 — 1) + 0.25W5 — 1).

m,0 = sigmoid
m,s = sigmoid
mo,0 = Sigmoid
To s = sigmoid

m3,0 = Sigmoid

= = = = =

m3 s = sigmoid

D.2 External validity of the ACTG 175 clinical trial

To provide empirical evidence of policy estimation in a real-world setting, we revisit the ACTG
175 randomized clinical trial from 1994 conducted on patients from the United States and Puerto
Rico [21]. It investigated the effectiveness of different therapies for reducing CD4 T cell counts in
individuals with HIV (selected subject to various inclusion criteria). In the study, individuals were
randomly assigned to two different treatments X5 € {0, 1}, and a record was made on whether a
previous anti-retroviral drug had been administered X, € {0, 1} prior to the start of the trial. Patient
demographics C1, C, including gender, age, weight, among others, were collected, and CD4 T cell
count were measured at treatment time W, and again 20 weeks after treatment initialization Y, the
outcome of the analysis. To simulate a second study with a different guideline for anti-retroviral drug
administration, we considered a sub-sampled version of ACTG 175 in which covariate distributions
as well as the assignment of X7, X5 were modified.

ACTG 175 is an experimental study in which X5 has been randomized and X; follows a base-
line, unknown, stochastic policy m : Q¢c, x Qx, — [0, 1] assumed to depend on study-specific
features C such a patient’s Karnofsky score and symptomatic indicators (both normalized to lie
in the [0, 1] interval). Samples of variables C, Ca, W, X7, X5, Y therefore follow a distribution

Prfmd(XQ)M (C1,C5, W, X1, X5,Y). The suffix “rand(X5)” denotes a policy that randomizes X,

i.e. Xo ~ Bern(0.5).

22



2

X14>X2<702

IO N

Ci>W—>Y

B!

¥

Xl*’XQ(*CZ

NN

Ci>W——>Y

Xl*’XQ(*CQ

NIZERNY

C1»V[/4>Y

@ g =gz, ®) Gz, ©g°
o mo  Sc, o mo  Sc,
¥ ¥ ¥ ¥ ¥ ¥

¢ Xi——2 X gl

NG N

1»W*>Y

G Xl‘ ’XZGCQ

BV 7 Ny

Ch *’ W—>Y
(d) Gm! () G=2°

Figure 5: Causal diagrams and selection diagrams of the ACTG 175 experiment.

We generate a data sample from a second domain (S = 1) following the marginalized distribution
P#l (C1, W, X7), mimicking a simple stochastic guideline on X7 in which 71 :=m (21 = 1] ¢1) =
1/(1 + exp{—c11 — c12 — c13}). Higher values of C; (taken to be normalized measurements of
weight, height, and age) lead to higher likelihood of treatment. We achieve this dataset by sampling
according to a re-weighted version of the ACTG 175 trial. In particular, we collect data from P!
according to,

7T1(X1 | Cl)Pl(Cl)

P (CL W X0) = Py (Cu W X) =5 56
™2 1 1

For this example, we consider evaluating a stochastic policy mg = {mo(x1 | €1),mo(x1 | c2)} that
combines the drugs X, Xs according to a stochastic policy for X; based on weight, height, and
age, (C1) and for X5 based on a patient’s Karnofsky score and symptomatic indicators (C3). In
particular,

7'('0(1)1 =1 | Cl) = 1/(1 + exp{—c11 — 1}), 7T0(.Z‘2 =1 | Cg) = 1/(1 + eXp{—0.5021 — 622}).
ey
The policy 7 is considered to be implemented on a patient population located in a different location
that are know to have a differing covariate distribution P°(C, C3) to that observed in ACTG 175 and

the second study, among other discrepancies. We assume that the SCM generating this experimental
study follows the causal graphs in Fig. 5.

The target population under 7y is then given by
P? (C1,Co, W, X1,X5,Y)

PO(C1,CQ)7T0(X1 | Cl)WO(X2 | C2)

= Plri(x2).m (C1,Ca, W, X1, X5,Y) P2(Cy,Cy) P (X, | C1) P

rand(X2),m2 (X2)

We limit all datasets to approximately 2000 samples as this is the size of the ACTG 175 trial. The
ground truth target effect E PY, [Y] is evaluated by taking the empirical mean of Y in the sample of
data collected from P° with the procedure above.

D.3 External validity of the Project STAR study

We describe in this section additional experimental details on the Project STAR study* . This
study investigated the impact of teacher/student ratios on academic achievement for kindergarten
through third-grade students. Project STAR was a four-year longitudinal study where students
were randomly assigned to one of three interventions with different class sizes each year, following
different randomization procedures. The causal diagram we assume for this setting is provided in

“The dataset is publicly accessible from the R data
https://search.r-project.org/CRAN/refmans/AER/html/STAR.html.

repository:
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Fig. 6. Bi-directed arcs denote unobserved confounding in the observational regime (when student
are observed in a particular class size rather than forced to join a particular class size).

Specifically, we consider the evaluation of a 3-stage stochastic policy,
mo = {mo(x1 | 1), mo(z2 | c2, 21, w1), mo (w3 | €3, T2, w2)},
where,
mo(xy | 1) =1
mo(x2 | c2, 1, wp) i=1
=1

mo(z3 | €3, 2, w2) :

/(1 + exp{011 + Cc12 — 2})
/(1 + exp{0.5(021 + 022) + 2(2%1 — 1) — 0.5w; + ].})
/(1 + exp{0.5(031 + 632) + (21‘1 — 1) — 0.25wq + (21’2 — 1) — 0.25wo + 1})

These policies determine the student-teacher ratio Xy, X1, X», taking values "regular” or "small",
across three different grades, namely Grade O (Kindergarten), Grade 1 and Grade 2. C refers to
a two-dimensional demographic variable encoding gender and ethnicity, converted to binary and
categorical variables respectively. (To avoid clutter, in Fig. 6 we use C' = Cy = Cy = C3.) Wy, Wy
are intermediate school outcomes that include the sum total of an individual’s reading score and math
score in grades 0 (Kindergarten) and 1 respectively. Y is the outcome of interest and represents total
reading score and math score in grade 2.

To mimic the setting where data at different stages was collected from different domains, we
subsample the dataset using different sets of probabilities to induce differences in the distributions of
baseline covariates. In particular, we fix the dataset in the target domain (S = 0) to the distribution
observed in the study and sub-sample according to different probabilities to create datasets for
domains S = 1,5 = 2,and S = 3, as follows.

We generate a sample of data from a first source domain (S = 1) following the marginalized
distribution Pﬂl.1 (Cl, W1,X1), where 7 := 7T1(.1?1 =1 | Cl) = 1/(1 + eXp{0.5((311 + (312) — 1})
defines the probability for the student-teacher ratio variables in Kindergarten in domain S = 1. We
achieve this dataset by sampling according to a re-weighted version of the STAR study. In particular,
we collect data from P! according to,

’/T1<X1 | Cl)Pl(Cl)

Pr, (Cn, Wh, Xa) 1= PY(CL W, X0) =5 0y

where P1(c;) = 0.3if ¢11 = 1,¢12 = 1 and P!(c;) = 0.7 otherwise.

We generate a sample of data from a second source domain (S = 2) following the marginalized dis-
tribution PT%z (027 Wi, Wy, X1, XQ), where 79 := 7T2($2 =1 | C2,T1, wl) = 1/(1 + EXp{0.5(021 +
Co2) + 221 — 1 — 0.5w; — 1}) defines the probability for the student-teacher ratio variables in grade
1 in domain S = 2. We achieve this dataset by sampling according to a re-weighted version of the
STAR study. In particular, we collect data from P? according to,

X | Co, X1, W1)P?(Cs)
PO(Xy | Co, X1, Wh)

where P?(cy) = 0.7 if co1 = 1,92 = 1 and P?(cz) = 0.3 otherwise.

T
P2 (Cy, W1, Wa, X1, X3) 1= P%(Ca, Wi, Wy, X1, X5) 2(

We generate a sample of data from a third source domain (S = 3) following the marginalized
distribution PT?;S(Cg,Wl,WQ,Xl,XQ,Xg), where 73 1= m3(x3 = 1| ¢3, 21, w1, T2, wa) = 1/(1 +
exp{0.5(c31 + ¢32) + 2(221 — 1) — 0.25w; + (222 — 1) 4+ 0.25we — 1}) defines the probability
for the student-teacher ratio variables in grade 3 in domain S = 3. We achieve this dataset by
sampling according to a re-weighted version of the STAR study. In particular, we collect data from
pP3 according to,

P§3(037W17W2aX17X27X37Y) =

’/T3(X3 ‘ Cg,Wl,W27X1;X27X3)P3(C3)

P(C3, W1, Wa, X1, X5, X3,Y) PO(X5 | Cs, Xa,Wh, X, Wa)

where P3(c3) = 0.5if c31 = 1,c30 = 1 and P3(c3) = 0.5 otherwise.
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Figure 6: Causal diagram assumed for the target domain of the STAR Project study. To avoid cluttering the
diagram we write C' = C1 = Cy = (s, i.e., all C’s refer to the same variables (gender and ethnicity).

NeurIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

* You should answer [Yes] , ,or [NA].

* [NA] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

* Please provide a short (1-2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to " " itis perfectly acceptable to answer " " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
" "or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

* Delete this instruction block, but keep the section heading “NeurIPS paper checklist',
* Keep the checklist subsection headings, questions/answers and guidelines below.

* Do not modify the questions and only use the provided macros for your answers.

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The claims made match the theoretical and experimental results presented in
the paper. A broader overview statement in the Appendix reflects how much the results can
be expected to generalize to other settings.

Guidelines:
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e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: We include a broader overview statement in the Appendix to more thoroughly
describe the limitations of our analysis, assumptions, and applicability in real-world settings.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

 The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justification: All theoretical statement are quoted in full in the paper. We have attempted to
provide an example to illustrate the significance of each theoretical statement and highlight
its implications. The formal proof of all statements is given in the Appendix.

Guidelines:

* The answer NA means that the paper does not include theoretical results.
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* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We provide the data generating mechanisms, details of the target of estimation
and information as to what python libraries can be used to fit the proposed estimators. We
do not, however, disclose an open source implementation of the proposed methods at this
moment.

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: The data is publicly available and we have provided full details as to where to
access the data and how to run the synthetic data generation pipeline. The code will not be
open sourced at this moment but we believe to have provided sufficient details to reproduce
our results.

Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [TODO]
Justification: [TODO]
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We provided details where applicable. In our case, data splits, hyper-
parameters, optimizers, etc., are not significant for the implementation the method.

Guidelines:

* The answer NA means that the paper does not include experiments.
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8.

10.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

o If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We report our results with error bars that represent 2 standard deviations from
the mean.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: We have read the guidelines and we do not think that our work presents any
notable concerns.

Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
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Answer: [Yes]

Justification: We include a broader overview statement in the Appendix. We do not expect
any negative societal impacts of our work.

Guidelines:

» The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: No risk of misuse.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [NA]
Justification: The paper does not use existing asset

Guidelines:
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» The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

¢ For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the package
should be provided. For popular datasets, paperswithcode.com/datasets has
curated licenses for some datasets. Their licensing guide can help determine the license
of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: The paper does not release new assets.
Guidelines:

* The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer:
Justification: The paper does not involve crowd-sourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

¢ Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

31


paperswithcode.com/datasets

Answer:

Justification: The paper does not involve crowdsourcing nor research with human subjects
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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