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ABSTRACT

Generalizability is a perennial concern in randomized studies. While randomized studies are
the gold standard for establishing causality, study samples are rarely representative of broader
populations due to factors such as convenience sampling, participant self-selection, and
researchers’ inclusion or exclusion criteria. To strengthen the generalizability of randomized
experiments, the framework of causal effect generalizability provides a solution. However,
existing methods require accessing representative individual-level data from the target popu-
lation, which is often unavailable due to limited resources, data access restrictions, or privacy
concerns. In this paper, we develop a novel method to generalize causal effects using only
summary statistics on covariates from the target population. We illustrate the estimator using
a real-world study by generalizing the impact of a climate change behavioral intervention
from the study sample to a broader population. By avoiding the need for individual-level
data from the target population, our method offers a practical tool for generalizing causal
findings from randomized studies. We hope that the proposed method helps build more
accurate theories and enhance the policy relevance of behavioral and psychological research.

Randomized experiments are the gold standard for
answering causal questions. Ideally, causal effects
obtained from a randomized study should generalize to
broader populations (Dodge et al., 2024; Sears, 1986),
allowing experimental findings to inform psychological
theories and guide public policies. In practice, however,
randomized experiments often suffer from limited gen-
eralizability. Concerns about this limitation are long-
standing, pervasive, and widely acknowledged across the
behavioral, psychological, and social sciences (Dodge
et al., 2024; Sears, 1986). Following influential critiques
of so-called Western, Educated, Industrialized, Rich, and
Democratic (WEIRD) study samples and decades of
empirical audits of the literature, researchers and journal
editors have repeatedly called for greater attention to the
generalizability of research findings (Arnett, 2008; Bauer,
2022; Clarke et al., 2023; Henrich et al., 2010; Rad et al,
2018; Thalmayer et al., 2021; Vazire, 2024). Despite this
sustained focus, practical solutions remain limited. Study
samples are rarely representative of the intended target
populations, due to factors such as convenience sam-
pling, participant self-selection, and researchers’ use of

inclusion or exclusion criteria (Diener et al, 2022;
IJzerman et al, 2020; Loh & Ren, 2025b; Mumford &
Schisterman, 2019).

Causal effect generalizability (Bareinboim & Pearl,
2016; Cole & Stuart, 2010; Pearl & Bareinboim, 2014)
offers a framework for extending causal (or treatment)
effects from randomized experiments to broader target
populations. This framework was first developed in
the causal inference and epidemiological literature,
and has recently been applied to generalize causal
effects to population-based cohorts (see, e.g.,
Hutcheon and Liauw (2023); Lao et al. (2024)). Loh
and Ren (2025a) offer an accessible introduction for a
behavioral and psychological sciences audience.
However, existing methods require accessing individ-
ual-level data from the target population (Dahabreh
et al., 2019; Degtiar & Rose, 2023; Lesko et al., 2017).
For example, generalizing a climate change behavioral
intervention’s effects from an experimental study sam-
ple to the entire adult population would necessitate
individual-level records (e.g., each person’s gender,
age, education, and income) in the entire population,

© 2026 The Author(s).

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0/), which permits
unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. The terms on which this article has been published allow the

posting of the Accepted Manuscript in a repository by the author(s) or with their consent.



or a representative (e.g., simple random) sample from
the population. But such fine-grained individual-level
data often remains inaccessible due to limited resour-
ces, data access restrictions, or privacy concerns, espe-
cially for hard-to-reach or vulnerable subgroups.
Instead, what may be practically available and access-
ible to individual researchers are summary statistics
(e.g., national averages or medians) of the target
population, such as those commonly recorded in gov-
ernment census or administrative surveys.

Can researchers generalize causal effects without
relying on individual-level data from, but using only
the summary statistics of, the target population? Here,
we propose a method that enables this. In the remain-
der of this paper, we will introduce the developed
method, evaluate the proposed estimator’s empirical
performance under various scenarios using a simulation
study, and provide a real-world application using pub-
licly available data from a climate change behavioral
intervention study. We have developed simple-to-use R
scripts (R Core Team, 2024) to aid researchers in psy-
chological and behavioral sciences, as well as policy-
makers, in implementing the estimation method. The
proposed method for generalizing causal effects is sim-
ple, cost-efficient, and can readily enhance policy rele-
vance and insights of experimental evidence.

Causal effects in the study sample and target
population

We first distinguish between the causal effects in the
study sample and the target population. Let A denote
a treatment either received (A = 1) or not received
(A =0), and let Y denote the outcome. Following the
potential outcomes framework, commonly called the
Neyman-Rubin causal model (Holland, 1986; Rubin,
1990; Splawa-Neyman et al, 1990), let Y! and Y°
denote an individual’s potential outcomes had they
received or not received the treatment, respectively.
Throughout, we maintain the stable unit treatment
value assumption (SUTVA; Rubin (1986)), which
holds that: (i) among individuals who did (not)
receive treatment, there are “no hidden (non-)treat-
ment variations” (Imbens & Rubin, 2015); and (ii)
each individual’s potential outcomes cannot be
affected by other individuals’ (non-)treatments, so that
there is “no (treatment) interference” (Hudgens &
Halloran, 2008). The average causal effect in the target
population is defined as:

E(Y'-Y") = E(Y") - E(Y), (1)

where E(-) denotes the expectation of a random vari-
able across the whole population.
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Let S denote a binary selection indicator with § =1
if an individual is in the study, or S =0 otherwise.
The corresponding average causal effect within the
study (S =1) is:

EY'-Y'IS=1)=E(Y'|S=1)-E(Y’S=1), (2)

where E(-|S = 1) denotes the conditional expectation
among the study subpopulation. Therefore, the crucial
difference between (1) and (2) is that the former per-
tains to the whole population, whereas the latter is
restricted to the distinct subpopulation delineated by
S =1. The causal effects defined in (1) and (2) are
equivalent only under stringent conditions, such as a
constant individual causal effect Y' — Y°, or selection
S is (marginally) independent of both potential out-
comes Y!' and Y°. In reality, individual causal effects
may be modified by covariates that concurrently act as
effect moderators and influence selection or study inclu-
sion (S). In other words, the distribution of effect mod-
erators differs between the study sample and the target
population. When this is the case, an estimator that is
unbiased and consistent for the causal effect (2) will
nonetheless be biased for the causal effect (1). In the
next section, we describe how to estimate (1) using only
observed data from the study sample (S = 1) and sum-
mary statistics for the target population. No individual-
level data from the target population is needed.

Estimation procedure

We first introduce notation for developing the pro-
posed estimator. Let W denote a set of covariates that
are concurrently putative moderators of the causal
effect (1) and possible predictors of study selection S,
and let 4 = E(W) denote their known expectations in
the target population. Crucially, p can include not
only means but also higher moments such as varian-
ces and covariances, as well as quantiles, such as the
median or interquartile range, which better character-
ize the empirical distribution. As an example, suppose
there are two covariates: a continuous X; with mean
t = E(X;), variance o7 =var(X;), and median
$1[0.5] where Pr(X; < ;;[0.5]) = 0.5; and a binary X,
with mean p, = E(X;); and let their covariance be
012 = cov(X1,X;). Let W= (1.X1, X3, 1(X; < 14[0.5]).
X5, X1X;)", where 1(E) is the indicator function that
returns a value of one if the event E is true or zero
otherwise, and we include a constant one to ease the
subsequent mathematical equations. The correspond-
ing population quantities of these non-linear functions
of the covariates in W are p= (1,102 + p3,0.5, by,
o1+ ,ul,uz)T. Hence, W may include quadratic
(or product interaction) terms for the covariates if
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their population (co)variances are known, or binary
indicators comparing the individual covariates in the
study sample to their known population quantiles
(such as the median). Note that a covariate distribu-
tion can be completely determined for a binary cova-
riate by its mean, and for a normally distributed
covariate by its mean and variance.

Let Pr(S=1|W;f) = {1+ exp (—p"W)}™" denote
the selection or study inclusion probability in terms of
a logistic regression model with coefficients f for the
covariates W. (The intercept corresponds to the con-
stant term in W.) Because no individual-level data is
available for those with § = 0 (i.e., not selected for the
study), it is impossible to empirically estimate  using
only observed data for those with S = 1. Instead, we
will estimate f by finding the values that equate the
weighted covariate sample means of W (with weights
being the inverse of the selection probabilities) in the
study to the known population expectations u. Note
that no model(s) for the outcome describing the func-
tional forms of the covariate-outcome relationships,
especially how these associations may be modified or
moderated by the treatment, are needed.

Let 6 =E(Y?),a=0,1, denote the population
average potential outcome under each treatment level
A = a. Estimators of 0° and 0' can be obtained by
solving the following set of estimating equations:

S(1—A)(Y - OO)—Pr(S :11|W_ 7
. 1
SW
pr(S=1w;p) "

The first two equations correspond to the population
average potential outcomes 0° and 0", respectively, and
the remaining equations correspond to the coefficients f3
in the assumed logistic regression model for the selec-
tion probability Pr(S = 1|W;f). We explain in the
Appendix how, under certain assumptions, the estimat-
ing equations in (3) are unbiased. It follows from stand-
ard estimating equation theory (Stefanski & Boos, 2002)
that estimators of 0° and 0" are consistent and asymp-
totically normal. Solving the combined estimation
equations for (0°,0', ") simultaneously allows their
covariances to be freely estimated and ensures that sam-
pling uncertainty for f is accounted for in the estima-
tors of 0° and 0'. Hence, the asymptotic covariance of
0° and 0" can be consistently estimated, without relying
on normality or constant variance assumptions, using
an empirical sandwich estimator (Stefanski & Boos,
2002). These estimators can then be used to calculate

estimators of, and Wald confidence intervals for, the
causal effect 0' — 0° in (1).

Because we can only observe individual-level data
for those in the study, the estimating equations in (3)
must be solved using the corresponding sample
moments restricted to the S=1 study sample.
Following the law of iterated expectations, the estimat-
ing equations conditional on § =1 are:

(1= A)(Y - 00)—Pr(ir(_s 1:|v1/) 5

o Pr(§=1)

Bl AY-0 )Pr(S: 1|W; p)
Pr(§=1)

Pr(S = 1|W; f)

S=1|=0. (4

Hence, in addition to the population expectations
in p, the overall proportion in the study relative to
the whole target population 7 = Pr(S =1) must also
be known. Define the individual moment functions
for the S = 1 study sample as:

(1—A)(Y;: - OO)W

s
Pr(S=1W;p) |
T
Pr(S = 1|W; p)

Ui(6°,0', p7) = Ai(Y; = 0"

Ww; — U

(5)
where the i subscript indexes the i-th individual for i =
1,...,n in the study sample. The estimators of 0° and 91,
and thus 0' — 0°, are then obtained by solving for the
parameter values that yield a zero sample average; i.e.,

A0 ~1 ~T

(0,0,8)=arg
(0°, 0", B

%Z U(0°, 0, BT) = 0. (6)
i=1

We empirically evaluate the operating characteris-
tics of this estimator using a simulation study later.

Conditions for unbiased estimation and
practical recommendations

We first formalize the assumptions that must be satis-
fied to obtain unbiased estimating equations in (3) for
generalizing causal effects back to the full target popu-
lation, and offer practical recommendations to bolster
their defensibility.

(A1) Study inclusion must be conditionally independ-
ent of the potential outcomes.
Y?1LS|W; for all a.

In other words, among individuals with the
same values of W, selection or study inclusion



(§) is pseudo-randomized and conditionally inde-
pendent of their potential outcomes (Y*). This
causal assumption, which is empirically untestable
and must be justified by subject matter knowledge,
is violated when unrecorded covariates act as effect
moderators and also influence selection or study
inclusion (Loh & Ren, 2025a; Ren & Loh, 2024). In
practice, we encourage researchers to record a com-
prehensive set of pretreatment baseline covariates,
even in randomized experiments, particularly when
the study sample is nonrepresentative (e.g., due to
researchers’ resource constraints or participants’
self-selection). We recommend visually representing
the causal structure with a causal diagram (Grosz
et al., 2020; Loh & Ren, 2023) and including a selec-
tion node (Bareinboim & Pearl, 2016; Pearl &
Bareinboim, 2014; Poppe et al., 2025; Ren & Loh,
2024).

(A2) Study inclusion cannot be ruled out based on W.
Under the assumed logistic model, everyone
must have a non-zero selection probability con-
ditional on W:

Pr(S=1|W;p) > 0.

Note that it is permissible to have a unit prob-
ability of selection or inclusion in the study. This
assumption can be violated when individuals in
the target population outside the study sample
(§=0) are ruled out or discouraged from partici-
pating in the study because of their characteristics
W. In practice, we encourage researchers to define

Xy~ N(py> py)
Xp ~ Exp (1)
X3 ~ Bernoulli(us,)
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Y=Y'A+Y°(1-A).

In other words, each individual’s observed outcome
(Y) is exactly one of the potential outcomes (Y! or Y?)
revealed under the observed treatment (A). This
assumption is violated when SUTVA doesn’t hold,
such as when there are peer influence or spillover
effects among causally connected individuals (e.g., in
social networks; An et al. (2022); Loh and Ren (2022)).
(A4) Treatment is randomized within the study.

ALY YL, WS =1.

Assumption (A4) further implies the following
assumptions within the study:

a. There is no unmeasured treatment-outcome con-
founding.

YO, Y UL AW, S = 1.
b. The chances of assignment to each treatment level
A = a do not depend on W.
Pr(A=a|W,S=1)=Pr(A=4|S=1).
Assumptions (A3) and (A4) can be satisfied by design

using a properly-conducted (double-blind) randomized
controlled study.

Simulation study

We conducted a simulation study using the following
data-generating process:

Pr(S = 11X, Xz, X3) = expit(by + 0.7X, — 0.7X5 + 0.35X; — 0.35X,X;)
S ~ Bernoulli{Pr(S§ = 1|X;, X5, X3)}
Yo = min(|X,], 1/vXz) + X, log (X?) + (2X3 — 1) sin (X)) + ¢,

e~ N(0,(1+X3)%)

Y, = Yo +0.5X% +2X, X, — 2X;.

the target population using the same exclusion or
inclusion criteria as the study sample (Power
et al., 2022).

(A3) Causal, or counterfactual, consistency (Pearl,
2010) must be met.

We included a quadratic term (X?) and product
interaction terms (X,X; and X;X,) among the covari-
ates to illustrate how such nonlinear functions can be
included in W. The population parameters were y; =
0,4, =1, 43 =0.1,u, =1. The intercept by, was
numerically determined to minimize the absolute dif-
ference between the overall population probability of
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Table 1. Results of the simulation study.

Effect estimator

N T Results (§=1) only Generalized with minimal W Generalized with all W
40000 0.005 Average 1.22 0.32 0.32
40000 0.005 Bias 0.92 0.02 0.02
40000 0.005 ESE 147 1.70 0.71
40000 0.005 ASE 1.55 0.59
40000 0.005 Coverage 0.94 0.89
40000 0.005 Convergence errors 0.00 0.01 0.19
40000 0.100 Average 0.84 0.30 0.30
40000 0.100 Bias 0.54 0.00 —0.00
40000 0.100 ESE 0.22 0.25 0.13
40000 0.100 ASE 0.25 0.13
40000 0.100 Coverage 0.95 0.95
40000 0.100 Convergence errors 0.00 0.00 0.00
250000 0.005 Average 1.23 0.31 0.30
250000 0.005 Bias 0.93 0.01 0.00
250000 0.005 ESE 0.58 0.66 0.28
250000 0.005 ASE 0.65 0.27
250000 0.005 Coverage 0.95 0.94
250000 0.005 Convergence errors 0.00 0.00 0.00
250000 0.100 Average 0.84 0.30 0.30
250000 0.100 Bias 0.54 0.00 0.00
250000 0.100 ESE 0.09 0.10 0.05
250000 0.100 ASE 0.10 0.05
250000 0.100 Coverage 0.95 0.95
250000 0.100 Convergence errors 0.00 0.00 0.00

ESE = Empirical standard error; ASE = Asymptotic standard error. The ESE is the standard deviation of the point estimates, and the ASE is
the average of the asymptotic standard errors. “Coverage” is the proportion of 95% confidence intervals that included the true effect,
and “Convergence errors” is the proportion of simulated datasets that failed to find a solution. For the estimator using the study sample
(S =1 only), we did not estimate the standard errors or confidence intervals; hence, these were left blank. All results were rounded to

two decimal places.

selection Pr(S = 1;by) = E[Pr(S = 1|X;, X5, X3)] and a
given value of m ie, by =arg min, |x—Pr(S=
1;b)|. The average causal effect was E(Y; — Yy) = 0.3.
Within each study sample (S=1), treatment was
randomized as A ~ Bernoulli(0.5).

We compared three possible estimators of the aver-
age causal effect. First, an effect estimator using the
study sample (S=1 only) using the ordinary least
squares estimator of the coefficient for A in a simple lin-
ear regression of Y on A. Second, the proposed estimator
with only population summaries for the covariates W =
(1,X3,X2)". This was the minimal set of covariates that
influenced selection and moderated the effect. Hence u =
(1, u3, gty + 12). Third, we used the proposed estimator
with population summaries for all the covariates W =
(1, X1, X5, X3, X2, X, X5, X,X3)". This included all covari-
ates used to either predict selection or moderate the
effect. Hence pt = (1, jy, fhy, 3, flg + 13> 1y flgs Mo 113)-

We considered two possible population sizes N =
40000 or N = 250000, and two possible selection pro-
portions 7 = 0.005 or © = 0.1, so that the smallest pos-
sible average study sample size was n = 200. The results
from 5000 replications for each combination of N
and 7 are presented in Table 1 below. The estimator
using only the study sample (S = 1) was biased in all
scenarios, with greater bias when the selected study
sample was a smaller subset of the population. The
biases empirically demonstrate that findings from

nonrepresentative samples need not generalize to
broader populations. Both estimators of the generalized
effect using either minimal W or all W were unbiased
in all settings. Adjusting for the minimal W that influ-
enced selection and moderated the effect, using their
correctly specified functional forms in the selection
model, was sufficient to satisfy assumption (Al) and
obtain unbiased estimators. Note that the proposed esti-
mator does not require or rely on correctly specifying
an outcome model. Hence, even under unknown (non-
linear or complex) data-generating processes for the out-
come, as in this simulation study, the estimator does not
require modeling the outcome as a function of the treat-
ment and covariates, especially how the treatment effect
may be moderated by the covariates. Using more covari-
ates yielded more precise estimates, but in small study
samples, risked higher chances of convergence errors
resulting from a failure to find a solution to the estimat-
ing equations. The Wald confidence intervals for both
generalized effect estimators achieved their nominal
coverage levels for large values of N or 7.

lllustration using the effect of a climate change
behavioral intervention among participants who
already believed in climate change

Sinclair et al. (2025) compared various climate change
behavioral interventions aimed at driving climate



action. As the authors rightfully point out, the study
is highly policy-relevant for driving climate action in
broader populations. However, the authors applied a
strict inclusion criterion, restricting their study sample
to comprise only participants who already believed
in climate change. Climate change skeptics who
“reported denying the existence or anthropogenic
causes of climate change” (Sinclair et al.,, 2025) were
thus excluded.

This choice of study sample undermined the gener-
alizability of the causal conclusions regarding the
effectiveness of the tested interventions. When predic-
tors of climate change beliefs moderate an interven-
tion’s effect, and the distributions of these predictors
differ between climate change believers and skeptics,
misleading conclusions about the intervention’s effect-
iveness in broader populations can ensue. Here, we
will use this motivating example to illustrate how to
generalize the causal effect of one such intervention
from a narrowly selected study sample to a broader
population, such as adults in the United States. Let
S =1 if an individual is selected for the study, or S =
0 otherwise. In particular, Sinclair et al. (2025)
excluded anyone who (i) did not respond to the study
being advertised as being about climate change; (ii)
responded no to a single-item Prolific prescreening
question, “Do you believe in climate change?” or; (iii)
if they answered yes to that question, subsequently
indicated that they denied or were uncertain or skep-
tical that anthropogenic climate change is occurring;
see the “Exclusions” section on page 3 of the online
supporting materials of Sinclair et al. (2025) for the
specific criteria.

Following Goldberg et al. (2021); Hornsey and
Pearson (2024); Todorova et al. (2025), and given the
publicly available study data of Sinclair et al. (2025)
on OSF', we will consider the following covariates in
W: age, gender, education, and income. We set the
population summaries p at the following levels based
on the available national figures. The median age was
39.1years®, so we defined the covariate to be a binary
indicator taking value 1 if an individual was older
than 39.1years, or 0 otherwise. 50.9% were women”,
so we defined the gender covariate to be 1 if a
woman, or 0 otherwise. For educational attainment:
9% had less than a high school diploma or equivalent;
28% had high school as their highest level of school

'https://doi.org/10.17605/0SF.I0/X9C6).
2https://www.census.gov/library/stories/2025/06/metro-areas-median-age.
html.
3https://www2.census.gov/library/publications/decennial/2020/census-
briefs/c2020br-06.pdf.
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completed; 15% had completed some college but not a
degree; 10% had an associate degree as their highest
level of school completed; 23% had a bachelor’s
degree as their highest degree; and 14% had com-
pleted advanced education such as a master’s degree,
professional degree, or doctorate*. We dummy-coded
educational attainment (“edul” to “edu5”) using a
bachelor’s degree as the reference level. The median
household income was about $75000°, so we defined
the covariate to be 1 if household income was below
$75000, or 0 otherwise.

For expository purposes, we used the “Individual
Action Planning” intervention (A = 1) where partici-
pants selected a personal climate individual action
goal, such as flying less or driving less, and devel-
oped a detailed plan to achieve it, including the steps
involved, potential obstacles, and outcomes. The
control group (A =0) did not complete any inter-
vention task. For the outcome, we considered partici-
pants’ intentions to engage in 12 pro-environmental
behaviors (1 =a lot less, 7=a lot more), including
individual actions (eating vegan meals, flying by air-
plane, paying for renewable energy to power one’s
home) and collective actions (e.g., donating, volun-
teering, or contacting representatives). We used the
average of the 12 items as the outcome Y. We
retained the n = 1217 observations in the study sam-
ple with complete data on the covariates, treatment,
and outcome.

To estimate the average effect among the study
sample (S =1), we fitted a simple linear regression
model of Y on A and used the coefficient estimator
for A. The coefficient estimate was 0.11;95% CI =
(0.05,0.18), in line with the results for this interven-
tion shown in Figure 3 of Sinclair et al. (2025), reaf-
firming its effectiveness within the study sample. We
then generalized the effect to a broader population
with summaries p as described above. To help
researchers implement this in practice, we developed a
single R function (“GEN.POP.IPSW’) which requires
users to specify only four arguments: (i) the popula-
tion summaries 7w and p (“POP . summs”); (ii) the out-
come name (“Y.name”); (iii) the treatment name
(“A.name”); and (iv) the dataset name (“Data”). An
example of the study dataset, the covariate sample
means, the population summaries used, and the effect
estimates are shown below in Box Illustration using
the effect of a climate change behavioral intervention
among participants who already believed in climate

*https://www.census.gov/newsroom/press-releases/2023/educational-
attainment-data.html.
Shttps://www.census.gov/library/publications/2023/demo/p60-279.html.
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change. The effect estimate among this broader popu-  climate action by 0.11 among the study sample, would
lation was 0.02;95% CI = (—0.09,0.13), suggesting  have a weaker, or even null, effect if implemented
that this intervention, which was estimated to increase =~ more widely beyond the study sample.

Box 1 Sample analysis code to generalize a causal effect using only population summaries in the climate change behavioral intervention study

Box 1: Sample analysis code to generalize a causal effect using only popula-

tion summaries in the climate change behavioral intervention study

set.seed (12345)

DATA [sample (nrow (DATA), 6), ]

# S age woman edul edu2 edu3 edud4 edu5 income MCII_individual action
# 142 1 0 0 0 0 0 0 1 0 0 4.333333
# 51 1 0 0 0 0 0 0 0 0 1 5.000000
# 720 1 1 0 0 0 0 0 0 1 0 3.750000
# 730 1 1 0 0 0 0 0 0 1 0 4.166667
# 664 1 1 0 0 0 0 0 0 0 0 4.083333
# 826 1 1 0 0 0 0 1 0 0 1 4.333333

round (colMeans (DATA[,C_names]), 3)
age woman edul edu? edu3 edu4 edub income
# 0.468 0.500 0.009 0.107 0.200 0.104 0.177 0.555

pop . summs

# S age woman edul edu? edu3 edud edub income
# 0.650 0.500 0.509 0.090 0.280 0.150 0.100 0.140 0.500
ATE.hat <- GEN.POP.IPSW(

POP . summs=pop.summs,

Y.name="action",

A.name="MCII_individual",

Data=DATA)
round (ATE.hat, 2)
# EST SE CI.L CI.U

# 0.02 0.06 -0.09 0.13




Discussion

The central methodological contribution of our paper is
the development of an estimator that generalizes the
average causal effect from a single study to a known tar-
get population characterized solely by given covariate
summaries, without any observed outcomes or individ-
ual-level data. We developed a weighting estimator that
solves the estimating equations in (4) by equating the
inverse probability of selection-weighted study-sample
covariate moments with the given population moments.
Hence, our estimator can be considered as belonging to
a wider family of moment-based estimators (Chausse,
2023; Saul & Hudgens, 2020) that solve various estimat-
ing equations by matching weighted covariate moments
across groups in different contexts, such as balancing
treated and untreated groups within the same observa-
tional study (Imai & Ratkovic, 2014; Primbs et al., 2025;
Thoemmes & Ong, 2016), trial-to-trial comparisons of
observed outcomes from separate trials with different
active treatments (Signorovitch et al, 2012), or meta-
analysis that combines or pools trial-specific causal
effects from different completed trials for evidence syn-
thesis (Le et al., 2024; Vo et al.,, 2025).° A key distinction
of our paper is that we generalize a causal effect from a
single study to a known, broader, and possibly nonrep-
resentative target population neither recruited nor
selected for any study; whereas Le et al. (2024);
Signorovitch et al. (2012); Vo et al. (2025) transport out-
comes or effects across multiple, distinct trials to a
population representative of participants in prior studied
trials. Because generalizability extends causal effects from
the study sample back to the full target population in
which the study sample is nested, whereas transportabil-
ity extends causal effects to a separate target population
distinct from the study sample, the target causal esti-
mands, and subsequently the weights, for generalizing
and transporting causal effects differ (Lesko et al., 2017;
Mumford & Schisterman, 2019).

We developed an estimator that intentionally avoids
specifying an outcome model. This is advantageous
when there are many putative moderators or limited
guidance on the complex or nonlinear functional forms
for the moderators. However, our estimator relies on
correctly specifying a logistic regression model for selec-
tion or study inclusion predicted by the covariates. A
potential direction for future work is to augment the
weighting estimator with a model for potential outcomes
so that the estimator is consistent if either the selection

We thank anonymous reviewer 2 for pointing us to both of these recent
preprints in the last two references and for prompting us to clarify their
distinctions from our work.
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model or the outcome model is correctly specified. Such
a doubly robust estimator has been developed when
individual-level population data are available (Dahabreh
et al, 2019). In a different context, Campbell and
Remiro-Azécar (2025) also developed a doubly robust
estimator, although for cross-trial comparisons of out-
comes from different single-arm trials, each with only
treated participants, relative to a control population fully
derived using external data sources with only covariate
summaries. Because augmenting our estimator requires
carefully considering how the treatment effect is moder-
ated by covariates (e.g., treatment-covariate product
interactions) in the study, but only their summaries
(e.g., marginals unconditional on treatment) are available
in the population, we defer this to future work.

In this paper, we focused on generalizing causal
effects to broader, known target populations, as in a
design-based approach (Rosenbaum, 2010). Hence, the
population covariate summary statistics (x4, ) should be
computed from a complete population frame (e.g., a
census) or an enumeration (e.g., an administrative regis-
try). These are finite-population quantities (not esti-
mates) that are fixed by design and thus contribute no
sampling variability. Hence, uncertainty arises only from
the randomized study and the estimation of the weights,
so the sandwich variance, conditional on fixed (u,7), is
correct. We therefore encourage researchers to seek the
true population values (p, w) from a comprehensive or
high-quality source. But if this is unfeasible, estimating
(u,7) introduces sampling error. We propose three
options to account for this additional uncertainty in
inference for the generalized causal effect, depending on
the granularity of the available population information
for (u, 7). The first is to stack the score equations for
estimating (u, ) with our estimating equations for the
weights to compute a joint sandwich variance. However,
this likely requires individual-level population data,
which obviates the need for our developed method. The
second is a two-step procedure in which values of (u, 7)
are first randomly drawn from their given distribution
and then held fixed when applying the estimator to each
draw. This approach has also been used in other con-
texts (Can & Rosseel, 2025; Vo et al., 2025). However, it
requires estimating at least the full covariance matrix, if
not the complete joint distribution, for (u, 7). These
first two options maintain the point estimator and affect
only variance estimation. Published sources of popula-
tion statistics often report only margins of error for the
separate marginals (without their covariances). A third
option is to conduct a sensitivity analysis by systematic-
ally varying (u, ) jointly over the set of plausible values
compatible with the reported uncertainty information
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and summarizing the resulting range of estimates
(Vansteelandt et al., 2006).

Conclusion

Causal effect generalizability enables the formal and
rigorous extension of causal findings from random-
ized studies to broader populations. However, existing
methods require access to representative individual-
level data from the target population, which is often
unavailable. In this paper, we developed a novel
method to generalize causal effects using only sum-
mary statistics (e.g., means, variances, covariances, or
quantiles such as the median) on covariates from the
target population. Our method requires modeling
study selection using logistic regression, but it avoids
making any assumptions about the functional rela-
tionships between covariates and outcomes, especially
how those associations may be moderated by treat-
ment. Our method provides a practical tool to
enhance the generalizability of experimental evidence
in behavioral and psychological research.
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Appendix
Unbiasedness of estimating equations

We formally demonstrate the unbiasedness of the estimating
equations. For each treatment level A = a, the estimation
equation is:

E{m(A =a)(Y - Ha)m]

—E —51(A =a)(Y" - ‘mm}

=E E{SI(A =a)(Y? - ()“)m‘wn
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r(A = alS = 1)E(Y* - 07)

The first equality follows from (A3); the second and
third equalities follow from the law of iterated expectations;
the fourth equality follows from correctly specifying the
logistic model so that E(S|W) = Pr(S = 1|W; f8); the fifth
equality follows from (A4) a; the sixth equality follows from
(A4)b and (Al); the penultimate equality follows from the
law of iterated expectations; and the final equality follows
from the definition of 0°. For the estimating equation to be
well-defined, (A2) must be met. The first two estimating
equations in (3) correspond to a =0 and a =1, respect-
ively. The remaining estimating equations in (3) for the
logistic model coefficients are:

Bl— W e ggw

pr(s=1(w:p) "] T [Pr(s = 1[W:p) g

=E(W—-pu)=0.

The first equality follows from the law of iterated expect-
ations; the second equality follows from correctly specifying
the logistic model so that E(S|W) = Pr(S = 1|W;f); and
the final equality follows from the definition of u.
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