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Abstract

Randomized trials play an important role in estimating the effect of a policy or social work
program in a given population. While most trial designs benefit from strong internal validity, they
often lack external validity, or generalizability, to the target population of interest. In other words,
one can obtain an unbiased estimate of the study sample average treatment effect (SATE) from a
randomized trial; however, this estimate may not equal the target population average treatment
effect (TATE) if the study sample is not fully representative of the target population. This paper
provides an overview of existing strategies to assess and improve upon the generalizability of
randomized trials, both through statistical methods and study design, as well as recommendations
on how to implement these ideas in social work research.

Keywords
Literature Review; Evidence-based Practice

Many questions of policy or practice interest involve estimates of the effect of some policy
or program in a target population of interest. For example, a social work agency may be
interested in predicting the average effects if all of their clients receive a new model of
program delivery, or a state may be deciding whether to invest in a new training program for
social workers across the state. A challenge in estimating these effects, however, is that
common existing study designs are often not well targeted for these target population effects.
In particular, randomized trials are often conducted in study samples that are explicitly not
representative of the target populations in which the policies or programs may eventually be
implemented.

Randomized trials have played a critical role in informing evidence-based social work
practice, used alongside physicians’ expertise and patients’ preferences to make the best
practical decisions on an individual level (Soydan, 2008). Of interest in this paper, however,
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is not how randomized trials can inform personalized decision-making, but rather how
average effects of interventions can impact policy and community-level outcomes in well-
defined populations. Consider, for example, a randomized trial in which high school students
at a public school are provided with training on how to prevent intimate partner violence,
and are then followed for four years. If the trial results suggest that, on average, students
who received the training reported less violent behavior with their partners than the control
group, then it may be of a state’s interest to implement such programming on a larger scale.
The methods discussed here can help a state assess how relevant the findings in the trial are
to the state as a whole, and what the average effects might be if the program were
implemented statewide.

This paper provides an overview of design and analysis methods for how we can assess and
enhance our ability to estimate the effects of interventions in well-defined target populations.
Because other work has primarily focused on analysis methods we put somewhat more
emphasis on study design options for estimating causal effects in well-defined target
populations. Recently researchers have distinguished “generalizability,” which involves
generalizing results from a study sample to the population from which that sample was
selected (potentially randomly but more commonly non-randomly) (Stuart & Cole, 2010),
from “transportability,” which involves estimating effects in a completely external
population, or one that the study sample was not drawn from (Hernan & VanderWeele, 2011;
Bareinboim & Pearl, 2013). In general, the methods described in this paper will be relevant
for both scenarios—in part because it is sometimes difficult to draw a bright line between
the two—Dbut distinctions for the two scenarios are described when appropriate.

This paper proceeds as follows. We first present background on the problem, including some
notation and a clear description of the goal of analysis and the setting. We then briefly
describe analysis strategies for estimating target population treatment effects before turning
to study design strategies to enhance the generalizability of trial results to well-defined target
populations. We end with a broader discussion, including relevance of the ideas for social
work research.

Background on the problem

The first step in examining generalizability or transportability is to identify the target
population of interest. Discussing “generalizability” or “transportability” without that is in
fact meaningless, and a particular study may be generalizable to one population but not to
another (in fact that is essentially always the case). We find that all too often this initial step
is not taken, however; researchers jump to discussing “the generalizability” of a study
without clarifying to what population one is interested in generalizing. For example, two
states (with very different populations) may both be interested in determining whether the
Nurse Family Partnership (Olds et al., 1998) might be beneficial for the new parents in their
state; the residents of these two states might be two different, but both well-defined, target
populations. Throughout the rest of this paper we will assume that “the population” has been
well-specified and defined.

Res Soc Work Pract. Author manuscript; available in PMC 2019 July 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Stuart et al.

Page 3

Clarification of estimands

We assume that a randomized trial has been conducted in a sample of size n, and there is a
well-defined target population of size N to which researchers would like to generalize the
results from the randomized trial (e.g., a randomized trial of the Nurse Family Partnership;
Olds et al., 1998).

The randomized trial can provide an unbiased effect estimate for the study sample:
SATE = %Zf; (Y (1) =Y0) | S; = 1), where n denotes the sample size of the trial, Y{1)
denotes the outcome for subject /if they receive treatment, Y{0) denotes the outcome for

subject 7if they receive the control condition, and S;= 1 if subject 7is in the trial sample, and
0 otherwise. However, ultimate interest is in a target [population] average treatment effect:

TATE = %Z?’: 1(Yl.(l) - YL(O)). While the effect estimate in the trial is unbiased for the sample

in the trial, it is not necessarily unbiased for the TATE.

When will there be sample and target population effects differ?

Intuitively and formally the sample and target effects will differ if there are factors that
moderate (modify) treatment effects AND if the distribution of those factors differ between
the sample and the target population. For example, an intervention may be more effective
among young adults, and different locations may have different age distributions. That
combination can lead to bias when trying to generalize the results of a trial from one
location to another.

Stuart and Cole (2010) present a formalization of this. Let a denote an estimate of the TATE
and g an estimate of the TATE, such that the difference, 8- a, represents the bias of the
SATE as a measure of the TATE. Consider the simple setting where there is only one
pretreatment covariate, Z, which is binary. Cole and Stuart (2010) derive the formula for the
bias of the SATE as a measure of the TATE:

ﬁ—a:bxzx{lljg:ll))xm(s:]|z=1)—P(s=1)]].

Here, by, denotes the coefficient for treatment effect heterogeneity due to Z obtained from
the outcome model E(Y)) = by + b X;+ b,Z;+ by X;Zj, where X is a binary variable
indicating treatment. Therefore, the bias depends on the magnitude of treatment effect
heterogeneity (b,,), the proportion of the target population sampled for the trial (P(S=1)),
the overall prevalence of the pretreatment covariate Z (P(Z=1)), and the difference in the
probability of participating in the trial across levels of Z, denoted as (P(S=1|Z=1)-P(S=1)).
Note there will be no bias if the probability of being selected for the trial does not depend on
Z (P(S=1) = P(S=1|Z=1)), if the sample consists of the entire target population (P(S=1) = 1),
or if there is no treatment effect heterogeneity across levels of Z (b, =0).

The equation above focused on a continuous outcome and an effect estimate parameterized
as a difference in outcome means. One key point worth noting is that when the outcome is
binary, sample and target effects can be expected to differ on at least one scale (e.qg., risk
difference or risk ratio) whenever the baseline risks differ between the two populations (a
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difference in baseline risks is a sufficient condition for moderation of treatment effects on at
least one scale). Thus any trial that overenrolls high risk individuals from the target
population (as is frequently done to enhance study power) will produce effect estimates that
cannot be expected to generalize unconditionally on all scales.

There is growing evidence in practice that randomized trial samples are often not
representative of target populations of interest (see, e.g., Rothwell, 2005; Stirman et al.,
2005). Braslow et al. (2005) documented that randomized trials of psychiatric treatment
often underenrolled minorities (relative to a target population of individuals with psychiatric
disorders across the United States). Wisniewski et al. (2009) compared individuals in a
large-scale pragmatic effectiveness trial of depression treatment to the subset of patients who
would likely have been included in a more typical efficacy trial (with standard inclusion and
exclusion criteria) and found large differences in both characteristics and effects. More
recent work in studies of drug abuse treatment documented that individuals in randomized
trials of those treatments differ substantially from individuals seeking treatment for drug
abuse in the US in general, especially in terms of employment status and education levels
(Susukida et al., in press).

In education research, Stuart et al. (2017) detailed large differences between the types of
school districts that participate in large-scale “national” evaluations of educational
interventions and 3 plausible target populations: districts nationwide, disadvantaged districts
nationwide, and, for federally-funded programs, the districts nationwide implementing those
programs. Stuart et al. (2017) found large differences between the districts participating in
evaluations and all of these populations; for example, large low- or mid-performing urban
districts represent approximately 48% of the study samples but only 4% of districts
nationwide and 7.5% of disadvantaged districts nationwide. Bell et al. (2016) then showed
that these differences can result in bias when trying to naively estimate the TATE using data
from these trial samples, estimating that the external validity bias due to trial samples not
representing the target population is on the order of 0.1 standard deviations.

In social work practice, interventions play a central role in improving conditions for clients,
and the optimal method of evaluating the effectiveness of social work interventions is
through randomized trials. While there has been limited quantification of the differences
between trial samples and target populations in social work research, several studies have
discussed the limitation of not having representative samples. Zhai et al. (2010) concluded
that in order to better generalize the results from their trial examining dosage effect on
school readiness of preschool-aged children, future studies should recruit samples more
demographically similar to the national population of interest. In a review of RCTs for
parents of children with Autism Spectrum Disorders, Dababnah et al. (2016) observed that
across studies, generalizability of trial results was weakened by the lack of racial, ethnic and
socioeconomic diversity that existed among the target population of parents of children with
ASD. Bronstein et al. (2015) also calls for replication studies in more diverse communities
in order to better address the generalizability of their results, indicating the importance of
having representative study samples.
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Analysis methods for estimating the target average treatment effect

Recent work has developed statistical approaches for estimating the target average treatment
effect using data from a randomized trial and covariate information on the target population.
Broadly, these primarily involve either 1) weighting methods that weight the study sample to
resemble the target population on baseline characteristics that may moderate treatment
effects, 2) flexible models of the outcome fit in the study sample and then used to predict
impacts in the target population, or 3) both methods combined. Kern et al. (2016) provides
an overview of these approaches and simulation studies comparing their performance. Note
that all of these approaches assume that there is a set of covariates that are observed
consistently across trial sample and target population datasets.

The weighting approach to generalization involves stacking trial and population data on top
of each other fitting a model of participation in the trial as a function of observed
characteristics; essentially, adjusting for sample and population differences by modeling the
probability of participating in the trial. Individuals in the trial are then weighted by one over
their probability of participating in the trial (similar to non-response weights in survey
samples or propensity score weights in non-experimental studies) in outcome analyses; these
weighted outcome models provide an estimate of the TATE, adjusting for the sample and
target population differences in observed covariates. Cole and Stuart (2010) present an
example of this approach, generalizing the results of a randomized trial of treatment for HIV
to the population of individuals newly infected with HIV in the United States in 2006.
Similar approaches are described in Hartman et al. (2015), O’Muircheartaigh and Hedges
(2014), and Tipton (2013). This approach can be thought of as a smoothed version of post-
stratification, whereby effects might be estimated for specific subgroups in the trial (e.g.,
males and females) and then the subgroup effects weighted using the population distribution
of that variable (male/female) to obtain a population effect estimate; the weighting version
of this approach allows researchers to adjust for a larger set of factors than would be
possible using direct post-stratification (also known as standardization).

A second class of methods instead focus on using data in the trial to model the outcome as a
flexible function of treatment status and the covariates (including potential interactions) and
then using that model to predict outcomes (and thus effects) in the target population, based
on the covariate distribution observed in the population. This approach was examined in
Kern et al. (2016), using a specific modeling approach called Bayesian Additive Regression
Trees (BART), which fits a very flexible outcome model using a non-parametric approach
similar to random forests. Kern et al. (2016) found that this approached worked quite well,
even for somewhat complex outcome models.

A third broad class of methods combines these two approaches, similar in spirit to “doubly
robust” approaches in non-experimental studies (Kern et al., 2016). In particular, with these
methods both selection (trial participation) and outcome models are used, with the outcome
models fit using weights generated as in the first approach.

The primary assumption underlying all of these approaches is that of conditionally
unconfounded sample selection: that we have observed the factors that moderate treatment
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effects and differ between sample and population. In other words, we have to be willing to
assume that, once we adjust for the set of observed covariates, treatment effects are the same
in the trial sample and the population. This assumption, sometimes called “ignorability of
sample selection,” is formalized in Hartman et al. (2015) and Kern et al. (2016) (and differs
depending on whether outcomes under the control condition are available in the population
of interest). Huitfeldt et al. (2017) discusses variations on this assumption and implications
for variable selection for modeling or outcome model based approaches.

The assumption of conditionally unconfounded sample selection can be a heroic assumption
in practice, especially given sometimes limited data on the population of interest (e.g., see
Stuart & Rhodes, in press). So what can we do instead? One key aspect is careful and
thoughtful selection of covariates and attention to the comparability of measures across data
sources. This selection can be greatly informed by theoretical models of participation in the
randomized trials of interest and the interventions themselves, and in particular the factors
that may relate to effects and participation. However, in practice we often do not observe all
of the factors that we would like to adjust for. For these scenarios sensitivity analyses have
been developed to assess how much the TATE estimates would change if there were an
unobserved effect moderator (Nguyen et al., 2017). However, another, perhaps better option,
is to use smart design choices to make these assumptions less heroic. We turn to these
designs now.

Design options for enhancing generalizability to a target population

When the target population of interest is known in advance of a randomized trial being
conducted there are a number of design possibilities to better ensure that the results from the
trial can be used to estimate effects in that target population. We note that these design
options are not sufficient and the analysis strategies introduced above are often needed in
addition, given that 1) there may be multiple target populations of interest from a given
study (e.g., two US states may both be interested in estimating effects in their own state
population), and 2) the target population of interest may change after the trial is conducted,
including due to general temporal changes and time trends.

Perhaps the “gold standard” for estimating the TATE are randomized trials conducted in
formally representative samples (Imai, King, & Stuart, 2008). We are aware of a handful of
studies that randomly sampled sites to participate from a well-defined target population (see
Olsen et al., 2012). All evaluations in this category were of U.S. federal government
programs, where program implementers (sites) could be mandated to participate in the
evaluation: Upward Bound (Seftor et al., 2009), Job Corps (Burghardt et al., 1999; in fact
this study included ALL Job Corps sites across the US), and Head Start (Puma et al., 2010).
The possibilities for such designs may increase in the future, however, with more and more
large-scale population administrative datasets. For example, a health system interested in
studying a new warning system for potential drug interactions could be evaluated using a
random sample of providers or patients in their population, through an electronic health
record system. Olsen and Orr (2016) present some of the considerations when setting up a
study that aims for random selection from the target population. When there are concerns
that some individuals may not agree to participate in a randomized trial, some studies
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conduct parallel randomized and non-randomized arms, whereby the individuals who do not
consent to randomization are allowed to choose their treatment condition but with their
outcomes still tracked over time.

Another design approach that has been proposed does not use random sampling from a
population, but rather picks sites systematically in order to cover the target population
(Shadish et al., 2002). One particular approach, formalized by Tipton et al. (2014), involves
stratifying the population on factors strongly related to outcome. It requires a sample frame
of potential study subjects, covariate information on them, and knowledge of the prognostic
factors likely related to outcomes. Subjects are then selected for the study based on strata
defined by those prognostic factors, with the goal of a final study sample that has
representation from all strata. Tipton et al. (2014) illustrate the approach using the design of
a scale-up study of mathematics and reading interventions.

There may also be a place for non-experimental studies when primary interest is in a target
population effect estimate. As formalized by Imai, King, and Stuart (2008), a well-done non-
experimental study in a dataset representing the target population of interest may actually
lead to less bias in the TATE than would a small-scale randomized trial in a very non-
representative study sample, due to trade-offs between internal and external validity. Thus, a
well-done non-experimental study (such as described by Rosenbaum (1999) or Rubin
(2001)) that can be conducted in a sample representative of the target population of interest
may be wroth considering when interest is in informing decisions in that population.

Some of these design options may seem daunting, and in some contexts it may not be
feasible to consider random selection of subjects for a randomized trial. However, even in
those cases there are still important design lessons that can be taken from this literature. In
particular, all randomized trials should collect data on variables that are likely to moderate
effects and may relate to study participation. Studies should also consider their target
population, and show a Table 1 documenting the characteristics of study participants and the
target population. One prerequisite for doing so will be the collection of variables in a
consistent way between trial sample and population datasets; e.g., with trials making an
effort to use the measures that are available in common population datasets (e.g., large-scale
national surveys). Najafzadeh and Schneeweiss (2017) discuss the importance of measure
comparability in the context of medical trials and electronic health records to reflect target
populations.

Conclusions and recommendations for future work in Social Work

In summary, no trial is necessarily generalizable, or even generalizable in expectation unless
(i) sample == target, or (ii) sample == simple random sample of target. Otherwise the
assumption of generalizability is effectively an observational data analysis assumption. Until
recently this point has been underappreciated by nearly all fields, but it has important
implications for the broader policy and practice relevance of research.

Thus, although generalization of results to target populations is often heroic, there are design
and analysis choices to make it more plausible and believable. This includes careful choice
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of measures and efforts to provide measures comparable across studies. Stuart and Rhodes
(in press) found it very difficult to find data on a trial and target population in the field of
early childhood education with any comparable measures, and in fact even the best example
found had only 7 measures in common between the trial and population. This makes the
assumption of unconfounded sample selection particularly problematic and heroic. One way
to think about this is that the analysis approaches above, which adjust for observed effect
moderators, can help move from an assumption of missing completely at random (MCAR)
to an assumption more like missing at random (MAR), but we can never eliminate the
possibility of missing not at random (NMAR), just as in hon-experimental studies we can
not guarantee that there is no unobserved confounding. But careful selection and use of
observed covariates can at least move us a step in that direction.

Researchers should also consider whether the design approaches described above are
feasible for their work. And as noted above, even when, e.g., random sampling from the
target population is not feasible, efforts towards measure comparability with large-scale
target population datasets will at least facilitate the use of analysis strategies to assess and
enhance generalizability after the fact.

In this paper we have focused on situations with one randomized trial and one well-defined
target population. In some contexts there might be multiple trials available (e.g., Petrosino et
al., 2013), or a combination of experimental and non-experimental evidence, in which case
other approaches may be more appropriate. Possibilities in that case include cross-design
synthesis approaches, also known as research synthesis (Pressler & Kaizar, 2013; Prevost et
al., 2000). Broadly, this class of methods might model effects as a function of study
characteristics and explicitly model the internal and external validity bias, e.g., with prior
distributions on the non-identified bias parameters (e.g., Turner et al., 2009).

A number of fields are just beginning to understand the implications of these ideas in their
fields, and, for example, how representative (or non-representative) their trials tend to be.
Social work should begin to develop such an understanding, through documentation of the
characteristics of individuals and sites that participate in rigorous evaluations and how they
compare to potential target populations. Data needs are paramount, however, in particular: 1)
population data to provide background information on target populations, 2) potentially
population data to provide a sampling frame for selection of study subjects, and 3)
comparability of measures between those population datasets and randomized trials. The
analysis approaches described in this paper can only go so far if the data is not available or
appropriate.

In conclusion, this paper has provided a review of methods for enhancing the ability to draw
target population inferences from randomized trials, attempting to bridge both internal
validity and external validity and ensure that our research studies are as useful as possible
for policy and practice.
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