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In this issue, Weiss discusses “generalizing” inferences from 
randomized trials to other populations [1]. However, he does 
not explicitly define what “generalizing” means, assumes 
that “generalizing” the results of a randomized trial has a 
single goal, and reduces generalizability to a binary sub-
jective judgment—findings are either generalizable or not 
generalizable. A growing literature (e.g.,  [1–13])  precisely 
defines the several meanings and goals of extending infer-
ences from randomized trials to another population, and 
describes analyses whose findings go beyond simple binary 
judgements. Here, we provide a non-technical overview of 
this literature. First, we briefly review the main concepts, 
then we outline the available study designs and statistical 
approaches.

What do we mean by extending inferences 
from randomized trials?

We can summarize the goals of extending inferences from 
randomized trials as learning about counterfactual quantities 
in a target population under joint interventions to scale-up 
trial engagement and the treatment strategies assessed in the 
trial [14]. To unpack this description, we consider its three 
key components one-at-a-time.

Target population: generalizability 
versus transportability

Suppose that a randomized trial has compared several treat-
ment strategies. Like Weiss, we would like to use the trial’s 
data to learn about the effects of these treatments in another 
population: the target population. Treatment and outcome 
data from non-randomized individuals in the target popula-
tion cannot be used to reliably estimate treatment effects 
because of, say, confounding by unmeasured variables or 
gross measurement error, but reliable baseline covariate data 
are available.

An explicit specification of the target population allows 
us to distinguish between two possible goals: generalizabil-
ity and transportability. To explain this distinction, consider 
the steps in the selection of the population in a randomized 
trial. First, the investigators specify eligibility criteria that 
define the eligible population. Second, the actions to invite 
some eligible individuals to participate in the trial define 
the invited population. Last, the decision of some invited 
individuals to participate in the trial defines the participant 
population. These three populations are nested: the partici-
pant population is a subset of the invited population, which 
in turn is a subset of the eligible population. The composi-
tion of the participant population is largely outside of the 
investigators’ control because the participation decision rests 
with the invited individuals.

We define generalizability as the extension of inferences 
from the trial to a target population that coincides, or is a 
subset of, the trial-eligible population [15]. We define trans-
portability as the extension of inferences from the trial to 
a target population that includes individuals who are not 
part of the trial-eligible population (others [11] have pro-
posed different definitions). In this context, we collectively 
refer to generalizability and transportability as extending 
inferences from trial participants to a target population. In 
our terminology, the commentary by Weiss is mostly about 
transportability, not generalizability, because the target pop-
ulations he considers are “broader” than the trial-eligible 
populations.
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Joint interventions on trial engagement 
and treatment

We define trial engagement as all actions related to the invi-
tation to participate in the trial or trial participation itself 
(but not treatment). Trial engagement may have direct effects 
on the outcome that are not mediated through treatment. 
These effects include the psychological impact of partici-
pating in an experiment and the health effects of non-proto-
col-mandated care that is delivered in the trial and may not 
be part of usual practice. For example, in a trial comparing 
surgical weight-loss interventions, participants may change 
their dietary habits because they are being observed system-
atically and may be exposed to regular reminders to improve 
health behaviors (e.g., to quit smoking) at a higher intensity 
than in usual practice, even if such reminders are not part of 
the trial protocol.

In most randomized trials, the effects of trial engagement 
and the effects of treatment cannot be disentangled [16]. 
Therefore, when engagement has direct effects on the out-
come, we can only learn about the effect of joint interven-
tions to scale-up both trial engagement and treatment to the 
target population [14].

Counterfactual quantities

Causal questions about the effects of interventions are ques-
tions about the distribution of counterfactual (potential) out-
comes that would be observed under the interventions. Most 
of the literature on extending inferences to a target popula-
tion has focused on identifying the mean of the counterfac-
tual distribution under each intervention and differences of 
the means under different interventions (“average treatment 
effects”), typically making an exclusion restriction assump-
tion of no effects of trial engagement on the outcome (e.g., 
as reviewed in [4] and [17]).

Informally, the counterfactual quantities of interest 
are identifiable (that is, can be expressed in terms of the 
observed data) when two conditions hold: some sort of 
exchangeability between the trial-participant population 
and the target population (or its non-randomized subset) and 
positive probability of trial participation conditional on the 
variables needed to ensure exchangeability. These condi-
tions cannot be verified empirically so we need to decide 
how plausible the conditions are based on their subject-
matter knowledge. Additional conditions are required when 
the identification of the counterfactual quantities requires 
addressing drop-out or censoring, and non-adherence in the 
trial [14, 18].

How do we extend inferences 
from randomized trials?

When extending inferences from randomized trials to a 
target population, the choice of target population, interven-
tions, and counterfactual quantities should guide the study 
design and statistical analysis.

Study designs for generalizability or transportabil-
ity can be classified as either nested trial designs, if the 
randomized trial is embedded in a sample from the tar-
get population, or non-nested trial designs, if the trial is 
combined with a separately obtained random sample of 
non-randomized individuals [19, 20]. An example of a 
non-nested trial design involves constructing a compos-
ite dataset by appending a dataset from a completed trial 
(one that includes data on baseline covariates, treatments, 
and outcomes) to a dataset with baseline covariates from 
non-randomized individuals (e.g., trial-eligible individuals 
identified in routinely collected data). In non-nested trial 
designs, the sampling probability of non-randomized indi-
viduals is unknown and, thus, inferences are only possible 
about the non-randomized population represented by the 
sampled non-randomized individuals; inferences about the 
entire target population are not possible. In contrast, nested 
trial designs allow inference on the entire target popula-
tion as well as the non-randomized subset. Different study 
designs have different implications for the plausibility of 
the identifiability conditions, our ability to study drivers of 
trial participation, and the statistical analysis [20].

When the identifiability conditions hold, various statis-
tical methods can be used to learn about the counterfactual 
quantities of interest. A detailed description of the avail-
able statistical methods for generalizability and transporta-
bility is beyond the scope of our commentary. Much of the 
literature on the topic has considered g-formula (outcome 
model-based) and inverse probability/odds of participa-
tion weighting (participation model-based) approaches 
to estimate population means of counterfactual outcomes 
or average treatment effects (e.g., [7, 9, 12, 21] report 
simulation comparisons of different estimators). The cor-
respondence of these approaches to well-known methods 
for handling confounding by measured variables in obser-
vational studies [22] also highlights that trial engagement 
is naturally viewed as part of a joint intervention. As usual, 
combining multiple models can help gain robustness with-
out sacrificing efficiency [7, 9, 10, 12].

In practice, however, it is unlikely that the identifiability 
conditions hold precisely—this is particularly true regard-
ing the exchangeability condition. Thus, judgements about 
generalizability and transportability can best be viewed 
as falling on a spectrum ranging from “not possible” (i.e., 
gross assumption violations are deemed likely) to “likely 
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to be a reasonable approximation” (i.e., any assump-
tion violations are deemed negligible). These judgements 
can be informed by formal sensitivity analyses that quan-
tify the impact of assumption violations on study conclu-
sions. Different approaches to sensitivity analysis include 
the calculation of bounds (rather than point estimates) for 
the causal quantities, nonparametric just-identified models 
that produce a range of results over different magnitudes of 
assumption violations [23], and analyses that incorporate 
external information in the form of modeling assumptions, 
additional data, or prior beliefs [13, 24–26]. The preferred 
approach will vary depending on problem specifics and 
philosophy of inference, but all approaches can be useful 
in injecting a measure of inferential modesty to the inter-
pretation of generalizability and transportability analyses.

Generalizability and transportability 
analyses: another tool 
in the epidemiologist’s toolbox

Weiss suggests that, when inferences from a trial are deemed 
“non-generalizable” to the target population, we may be 
able to conduct an observational study in the target popu-
lation. As a way to operationalize the formal counterfac-
tual approach to causal inference, such observational study 
would emulate the trial as close as possible [27]. However, 
the effect estimates of any observational study are suscepti-
ble to confounding due to unmeasured variables.

As discussed in this commentary, an alternative approach 
to conducting an observational study is extending inferences 
to the target population from available randomized trials. 
Another alternative is conducting pragmatic trials with 
broad eligibility criteria in the target population, though 
these trials may suffer from low adherence and drop-out 
to such an extent that they are best thought as observa-
tional studies with baseline randomization [28]. In many 
cases, no single approach will be clearly preferred, and we 
might do better by pursuing multiple strategies in parallel. 
Because different approaches rely on different identifiabil-
ity conditions and use different data in service of the same 
goal (or closely related goals), agreement in their results 
provides mutual support; large disagreements suggest that 
some of the approaches are not producing valid answers to 
the research question (and, with careful study, we may be 
able to develop hypotheses about what went wrong).

To sum up, provided the research question is clearly 
defined, we can combine our beliefs about the underlying 
causal structure with study design and data analysis choices 
that best allow us to answer it. Thus, as in other causal infer-
ence endeavors, in analyses extending inferences from ran-
domized trials to a target population it is best to start by 
clearly articulating the research question.
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