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Policy Points:

� Policymakers at federal and state agencies, health systems, payers, and
providers need rigorous evidence for strategies to improve health care
delivery and population health. This is all the more urgent now, dur-
ing the COVID-19 pandemic and its aftermath, especially among low-
income communities and communities of color.

� Randomized controlled trials (RCTs) are known for their ability to pro-
duce credible causal impact estimates, which is why they are used to
evaluate the safety and efficacy of drugs and, increasingly, to evaluate
health care delivery and policy. But RCTs provide other benefits, al-
lowing policymakers and researchers to: 1) design studies to answer the
question they want to answer, 2) test theory and mechanisms to help
enrich understanding beyond the results of a single study, 3) examine
potentially subtle, indirect effects of a program or policy, and 4) collab-
orate closely to generate policy-relevant findings.

� Illustrating each of these points with examples of recent RCTs in health
care, we demonstrate how policymakers can utilize RCTs to solve press-
ing challenges.

From Scurvy to Streptomycin to Social
Policy

Their cases were as similar as I could have them.
—James Lind, 17531

The Milbank Quarterly, Vol. 0, No. 0, 2021 (pp. 1-18)
© 2021 Milbank Memorial Fund

1



2 M. Alsan and A.N. Finkelstein

With deep roots in clinical medicine, randomized controlled trials
(RCTs) are a familiar tool to generate needed evidence in medicine. In
1753, James Lind conducted what is considered the first experiment
resembling a modern controlled trial. While working on a ship, the sur-
geon noticed high mortality from scurvy among sailors. Lind then con-
ducted a comparative controlled trial of the effect of various treatments
to scurvy on 12 similarly sick sailors and found oranges and lemons to be
the best treatment.1 Randomized allocation, however, had to wait until
the 20th century. The first RCT in medicine was conducted in 1946, by
Austin Bradford Hill and his colleagues at the Medical Research Council
(MRC), to evaluate streptomycin’s effectiveness in tuberculosis.2 Within
a few decades, the US Food and Drug Administration (FDA) required
drug producers to include RCT results in their drug applications.3

Compared to the long history and current prominence of RCTs in
medical research, their use to improve health care delivery in the United
States is more recent and, while gaining momentum, is still less promi-
nent than in medicine. Since the 1960s, at least a few dozen RCTs of
social policies in the United States have looked at health as an outcome,4

but historically, RCTs were rarely used to evaluate innovations in health
care delivery or health policy. Of course, there are well-known excep-
tions, such as the famous RAND Health Insurance Experiment in the
1970s and, more recently, the 2008 Oregon Health Insurance Exper-
iment, but these exceptions seemed only to prove the rule.5,6 For ex-
ample, between 2009 and 2013, just 18% of studies of US health care
delivery interventions used randomization, compared to 86% of drug
studies and 66% of studies of nondrug medical interventions.7

There are, of course, practical reasons for the relative paucity of these
RCTs, including cost and implementation challenges. Recently, how-
ever, researchers, practitioners, and policymakers have begun to find
ways to overcome these oft-cited barriers to the widespread use of RCTs
in health care delivery and to launch important RCTs evaluating health
care delivery models and health policy options.8

Such RCTs are frequently heralded for their ability to produce clear
and credible evidence of an intervention’s causal effects. This is certainly
a valuable aspect of an RCT. But RCTs do not have a monopoly on es-
tablishing causality, as evidenced by the plethora of compelling quasi-
experimental studies using techniques such as regression discontinuity
designs, instrumental variables, and event studymethodologies (to name
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just a few) that have been used successfully to estimate the causal impact
of aptly named “natural experiments.”9

Therefore, as capacity and enthusiasm build for implementing RCTs
in health care delivery, we highlight in this article what we see as four
other important benefits of RCTs. Specifically we discuss their ability (1)
to answer the questions that practitioners and researchers want to study
rather than what they can study with naturally occurring data; (2) to
study a program’s indirect, or “spillover,” effects; (3) to test theory and
uncover the mechanism behind why a program does or does not have an
effect; and (4) to encourage valuable collaboration between researchers
and implementing partners that can sharpen the questions asked and the
hypotheses examined.

We begin by first reviewing the standard case for RCTs based on the
clear and credible influence that they provide, as well as the important
challenges for implementing such RCTs. We then turn to the meat of
this article, which is a discussion of the additional potential benefits of
RCTs. We illustrate these additional benefits with examples of RCTs in
health care delivery published primarily in the last three years.

The Opportunity and Challenges for
Conducting RCTs to Improve Health
Care Delivery

Having used a random allocation, the sternest critic is unable to say
when we eventually dash into print that quite probably the groups
were differentially biased through our predilections or through our
stupidity.

—Austin Bradford Hill, 195210

Opportunity

Several years after his successful streptomycin RCT in Britain, Austin
Bradford Hill, in the preceding quotation, made the case to the Harvard
Medical School faculty for randomized clinical trials, explaining how
studies that allocated individuals to treatment randomly and without
favor provided credible estimates of an average causal effect. His remarks
make the now standard case for RCTs: random assignment can eliminate
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Figure 1. Randomized Controlled Trials Can Make Credibly Estimat-
ing Causal Impact Easier: A Stylized Illustration of Health Insurance’s
Impact on Health [Color figure can be viewed at wileyonlinelibrary.com]

confounding factors that may bias the results of even well-controlled
observational analyses.11

Consider the impact of health insurance on health. Figure 1 provides
a schematic of two hypothetical, stylized studies of the health effects
of insurance: an observational study and an RCT. Panel A illustrates
the observational design: all individuals are offered insurance and some
enroll. Health is subsequently compared between the insured and the
uninsured. Since individuals choose whether or not to have insurance,
baseline differences are likely between those who have insurance and
those who do not, differences that the researchers may be unable to fully
measure and control for. In our stylized example, those who choose in-
surance are sicker at baseline than are those who do not elect to obtain
insurance, as would be expected by standard models of adverse selection
in insurance.12 On the right-hand side of Panel A are the two groups’
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end-line differences in health. It shows that at the end line, the insured
have worse health than do the uninsured. Did health insurance lead to
worse health, or did it seem to worsen health because people who are
especially sick are more likely to have health insurance?

Panel B investigates this same question using an RCT. In contrast to
the observational study, the important feature of the RCT is that the al-
location of insurance is randomized. Random assignment ensures that,
on average, there are no systematic differences at baseline between those
with and without insurance. As a result, as illustrated in the figure, the
treatment group that is randomly allocated insurance has the same pro-
portion of sicker individuals at baseline as does the control group that
is randomly assigned to remain uninsured. The researchers therefore can
be reasonably confident that any difference in health at the end line is
due to the insurance coverage by itself, rather than to differences in the
groups’ underlying characteristics that may be correlated with the out-
come of interest.

A recent real-world example illustrating the value of randomization
for elucidating causal effects of health policy comes from a 2020 RCT of
a care transition program known colloquially as “Hotspotting.” Created
by the Camden Coalition of Healthcare Providers, this program targets
the “super-utilizers” of the health care system as a way to reduce spend-
ing and improve health. It provides patients with a team of community
health workers, nurses, and social workers who visit them after discharge
to coordinate their care and connect them to social services.13 Obser-
vational studies of this program, and of similar programs, had found
promising results, that the programs significantly reduced spending on
health care.14

Observational studies can use statistical methods to try to account
for bias that may exist, but sometimes the biases are very hard to cor-
rect for, as Dr. Paula Lantz explained in herMilbank Quarterly article on
super-utilizer interventions.14 Dr. Lantz and her coauthors’ 2019 sys-
tematic literature review of 46 evaluations of interventions targeted at
super-utilizers (most commonly, case management programs) warned
that “methodological and study design weaknesses—especially regres-
sion to the mean—were widespread and call into question reported pos-
itive findings.”15 In other words, observational studies of super-utilizer
programs are likely biased by regression to the mean, which in this case
means the tendency for patients incurring unusually high costs at a par-
ticular point in time to move closer to the average over time. Indeed,
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researchers selected by the Center for Medicare & Medicaid Innovation
to evaluate this program using quasi-experimental methods concluded
that they were unable to do so because of the difficulty identifying an
appropriate, naturally occurring, comparison group.16

The 2020 study of the Hotspotting program began by looking at
readmission rates in the treatment group—those patients who were ran-
domly enrolled in the program. The results looked promising: patients
in this group visited the hospital about 40% less often in the six months
after the intervention. Unfortunately, however, this effect turned out to
be entirely due to regression to the mean. Readmissions in the control
group of individuals who were not offered participation in the program
declined by the same amount. As a result, the findings from the RCT
show that the program had no effect on readmissions.16

Challenges

The contrast between the RCT and the observational results underscores
the importance of using a rigorous method to evaluate the program’s
causal effect. The RCT’s findings also, however, highlight the inevitable
limits of any one study, no matter how rigorous. The Hotspotting study,
like any single study, did not provide all the answers. In particular, it was
not able to address whether the program might affect other outcomes,
such as patient self-efficacy and well-being, or whether the program’s
impacts might be different for other types of patients or in other settings.
It also did not speak towhy the intervention did not reduce readmissions,
although we will discuss later how other RCTs have been successfully
designed precisely to answer questions of mechanism.

In addition, as we emphasized at the outset of this article, RCTs are
not the only compelling way to estimate causal impacts. That is fortu-
nate, since for any given question of interest, an RCTmay not be feasible
or desirable. Chief among them are issues of cost, time, and ethics.

Administrative data can sometimes help surmount these challenges
by reducing monetary costs. For example, two decades before the
Hotspotting study just described, in an RCT of a similar care-transition
program, researchers used telephone interviews with patients to ob-
tain information on readmissions after discharge, the study’s primary
outcome.17 In the more recent study, improved data systems allowed re-
searchers instead to use existing hospital discharge data from the four
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Camden hospital systems and the Camden Coalition Health Informa-
tion Exchange database. This allowed them to measure readmissions at
substantially lower cost and effort and with less risk of nonresponse bias.

But even when an RCT’s monetary costs can be minimized, a related
issue concerns their potential time costs. For example, in the Hotspot-
ting RCT, it took researchers over three years to recruit and receive con-
sent from the targeted 800 patients for the study, not to mention almost
two years of planning, designing, and piloting the study.

Fortunately, not all RCTs take years. NYU Langone Health, for ex-
ample, offers a model for implementing cheap, rapid-cycle, quality im-
provement RCTs. The researchers at Langone Health recently completed
10 RCTs in a year and concluded that this effort paid for itself by increas-
ing the adoption of preventive care.18

A final important barrier to conducting RCTs is ethical concerns. In
many settings, implementing an RCT would be unethical, for exam-
ple, if the program of interest were already available for everyone it was
designed to serve, or if resources were available to expand it to serve ev-
eryone. In such cases, alternative possible interventions may still offer
equipoise. As Dr. Seth Berkowitz and Dr. Shreya Kangovi wrote, “Even
though it doesn’t take a randomized trial to know you should feed a
hungry child, it may take one to know how best to do so.”19 In addi-
tion, when there are not enough resources to serve all eligible patients, a
random lottery may be the fairest way to allocate limited slots, enabling
health systems to learn in the process. In 2008, for example, the state of
Oregon needed to allocate a limited number of Medicaid slots. As the
then state director of Medicaid, Jim Edge, said at the time,

We thought about other options, such as should we try to pick all of
the sickest people or the kids or the people with cancer or heart dis-
ease. But the Feds won’t allow that, and there’s just no way to guar-
antee the fairness of that. Why would cancer be more deserving than
heart disease?20

State officials and advocacy groups decided—without input from
researchers—that random assignment was the best method to allocate
the limited slots, and thus the Oregon Health Insurance Experiment
was born.

When RCTs are ethical and practical, they provide several valuable
benefits. The rest of this article discusses four of them.
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RCTs Can Study the Questions You
Want to Study, Rather Than the Ones
Nature Permits

Natural experiments can be used to obtain convincing evidence of
causal effects or of the impacts of interventions. Perfect instances of
these circumstances rarely occur in practice.

—Peter Craig et al., 201221

As already discussed, RCTs are just one method researchers can use
to credibly estimate causal impacts of a program or intervention.22 But
a clear advantage of an RCT is that it allows researchers and partners
an opportunity to design a study to investigate the questions they want
answered, rather than the questions they can answer with naturally oc-
curring variations.

As the preceding quotation from the Medical Research Council em-
phasizes, without RCTs, researchers are limited in what questions they
can pursue by what natural experiments exist. RCTs empower re-
searchers and partners to use randomization, when ethical and feasible,
to study what they want to study, rather than what nature gives them.

One recent illustration comes from an RCT in 2019 that provided rig-
orous evidence on a topic notoriously challenging to answer using nat-
urally available data: the impact of physician-patient race concordance
on the patient’s health behavior. This is difficult to study using observa-
tional data: Because most individuals choose their primary care doctor,
selection already exists in concordant versus discordant dyads. In addi-
tion, given long-standing structural inequalities, many disadvantaged
individuals do not even have a primary care doctor. The 2019 study over-
came this challenge by randomizing patients to receive a racially concor-
dant or discordant doctor and examining how this affected demand for
preventive health care.

Specifically, the study focused on patient-provider concordance for
Black men, the demographic group in the United States with the lowest
life expectancy.23 Existing correlative evidence suggests that racial con-
cordance is associated with greater participation in care and adherence
to treatment.24 The researchers therefore hypothesized that the lack of
diversity in the physician workforce might make it difficult for Black
men to find a doctor who “looks like them” and thus would contribute
to these disparities.
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To examine this hypothesis, the researchers created a pop-up clinic
and recruited participants from the surrounding Oakland (California)
area. Once at the clinic, they randomly assigned patients to see either a
Black or non-Black (white or Asian) physician. They found that Black
male patients randomly assigned to Black physicians were 18 percent-
age points more likely to use preventive services like diabetes screenings
and flu vaccines after interacting with their physician than were those
assigned to non-Black physicians.25 This study highlights how RCTs
can be designed to help address seemingly intractable, systemwide chal-
lenges, like racial disparities in health, by breaking them down into an-
swerable questions to identify root causes.

RCTs Can Test Theory and Unpack
Mechanisms

If researchers and policy makers continue to view results of impact
evaluations as a black box and fail to focus on mechanisms, the move-
ment toward evidence-based policy making will fall far short of its
potential for improving people’s lives.

—Mary Ann Bates and Rachel Glennerster, 201726

A common criticism of RCTs is that they produce “black box” stud-
ies that do not illuminate why a program did or did not have an impact.
This critique can certainly apply to some RCTs, such as the Hotspot-
ting study described earlier. But it also applies more broadly to any
well-identified study of a causal effect—whether using randomized or
quasi-experimental methods—that has insufficient variation to eluci-
date the drivers behind an estimate of impact. Moreover, unlike quasi-
experimental studies, which can study only “naturally occurring” vari-
ations, RCTs can be designed specifically to see inside the black box or
to test particular theories.

A 2010 RCT of the impact of immunization camps and incentives
provides a classic example of how RCTs can be designed to reveal under-
lying structural barriers.27 In this RCT, the nonprofit SevaMandir aimed
to increase children’s immunization rates—which involved five courses
of vaccines—in rural Udaipur, India. In most villages in this area, only
2% of the children had received all five courses of immunizations.

Researchers designed an experiment explicitly to distinguish be-
tween several possible reasons for these low rates. One possibility was a
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supply-side problem: the clinics where families received immunizations
were often closed. Another possibility was a demand-side problem: fam-
ilies might have difficulty going to the clinics five different times to
complete the full course and might not have enough incentive to do so.
These barriers are, of course, not mutually exclusive, and may interact
in important ways.

To investigate this, the researchers randomly assigned communities to
one of three groups: a control group, a treatment group that was provided
with regularly scheduled immunization camps to investigate the supply
hypothesis, and a treatment group that was provided with the camps and
also with incentives (specifically 1 kilogram of lentils at each clinic visit
and a set of plates after the fifth immunization course) to investigate the
combined impact of the supply-and-demand hypotheses.

Just 50% of the control group received one course of immunizations,
and only 6% received the full five courses. Both treatment groups had
around 75% immunization rates after the first course. However, the
camps and incentives group had 39% immunization rates for the full
five courses, compared to 18% in the camps-only group. These results
suggested that supply-side issues were a challenge but that they were
not the only barrier. All together, the findings suggested that combin-
ing increased access with demand-side incentives could be an effective
way to increase vaccination rates.

When RCTs help unpack mechanisms, they can be informative for
policy even outside the study’s specific location or population. As with
all studies, assessing “external validity” or how the results can be ap-
plied in similar contexts, is challenging. In this case, we learned that in
a setting in which immunization rates are low, providing reliable access
can boost immunization rates but that by itself, access is not enough and
incentives may be an important tool for making sure children complete
the full immunization course. While these exact results may not trans-
late across contexts, the idea that access is not a panacea is instructive in
considering interventions in other contexts.

RCTs Can Credibly Examine the
Indirect Effects of a Program or Policy

RCTs have the ability to surprise you.
—Esther Duflo, 2019
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Esther Duflo, one of the 2019Nobel laureates in economics, is famous
for her work on experimental approaches to alleviating global poverty. As
her preceding remark illustrates, RCTs can uncover surprising or subtle
effects of a program or policy. In fact, her point is a corollary to the rigor
of the evidence provided by RCTs. It facilitates using them to credibly
examine potentially important indirect effects of a program, such as a
policy’s effects on untargeted populations.

It is very important from a policy perspective to be able to measure
the effects of a policy on those not directly targeted by it, but estimat-
ing such “spillover” effects is notoriously difficult. In the canonical re-
search design, which compares outcomes for directly targeted actors to
outcomes for nontargeted actors, spillover effects cannot be identified.
When a research design does permit the identification of spillovers, a
skeptical reader may interpret the effects on nontargeted patients as ev-
idence of a flawed research design rather than evidence of spillovers. For
good reason, therefore, the bar for credibly identifying spillovers is high.

Well-conducted, large-scale RCTs can be designed to credibly deter-
mine the effects of spillovers, since random assignment mitigates con-
cerns about how researchers estimate the effect. For example, to mea-
sure the spillover effect of bed nets (“herd immunity”) against malaria,
researchers can use a two-stage randomized design. Clusters can be ran-
domly assigned to a treatment group in which some individuals will
randomly receive the bed nets and a control group who does not receive
them but has access to usual services. The difference between these two
groups is the overall effect of the bed nets. Not everyone in the treat-
ment group receives the bed nets. That is, within the treatment group
clusters, people would be randomly assigned to receive the bed nets or to
a control group. The difference between the control units in the treated
versus control clusters provides a causal estimate of the spillover effect.28

Results from two recent nationwide Medicare policy RCTs conducted
by the Centers for Medicare & Medicaid Services (CMS) show the sub-
stantial effects of Medicare policy on the treatment of non-Medicare pa-
tients, suggesting that an individual insurer’s reforms can have impor-
tant, broader effects on the system as a whole. In one case, CMS randomly
assigned a Medicare payment reform for hip and knee replacement to 67
of 171 metropolitan statistical area (MSAs). The control MSAs contin-
ued to be reimbursed by Medicare under the status quo system. Evi-
dence from the first two years of this five-year RCT indicates that the
payment reformmodestly reduced health care utilization among covered
patients (those on Original Medicare), primarily by reducing discharges
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to postacute care facilities by about 10%. But it also found that the pay-
ment reform had spillover effects on privately insured Medicare Advan-
tage patients, even though their payment regime did not change. These
spillover effects were of the same sign and magnitude as the directed
effects on the targeted patients.29–35

Another study examined the spillover effects of a CMS warning let-
ter on privately insured patients. This letter was sent to primary care
physicians (PCPs) who prescribed significantly more of an antipsychotic
drug to their Original Medicare patients than their peers. Each year,
2.8 million patients fill a subscription for quetiapine (brand name Sero-
quel), yet as many as 75% of these prescriptions are for uses not approved
by the FDA.36 CMS identified about 5,000 physicians who prescribed
significantly more to their Medicare patients than their in-state peers,
and randomly assigned half of them to receive letters stating that their
prescribing to Original Medicare patients was extremely high relative
to their peers and that they were under review by CMS. The strongly
worded peer comparison letters from CMS reduced quetiapine prescrib-
ing for Original Medicare patients (the targeted group) by about 17%
for the next two years. The letters also reduced the number of prescrip-
tions to the PCP’s privately insured patients (both those with Medicare
Advantage and those with employer-sponsored insurance) by 12%. The
researchers could not reject the hypothesis that the effects on targeted
and nontargeted patients were the same.37,38

RCTs Can Facilitate Fruitful
Collaborations with Implementing
Partners

The statistician, if he is to play his proper role in a clinical trial must
be in it “up to his neck.” … The statistically designed clinical trial
is above all a work of collaboration between clinician and statistician,
and that collaboration must prevail from start to finish.

—Austin Bradford Hill, 195210

In the then new realm of medical randomized trials, Austin Bradford
Hill emphasized that proper statistical research is steeped in practice.
What was true in the 1950s for medical trials is still true in the 2020s
for RCTs on health care delivery. Unlike many clinical researchers, some
social scientists (such as economists like ourselves) spend their careers
up to their necks in data at their desks.
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All research projects benefit from real-world experience and input
from practitioners. Policy research in particular should involve key
stakeholders and frontline providers, from the inception of the hypothe-
sis to the interpretation of the results. Nothing prevents researchers from
using observational data or quasi-experiments to engage with stakehold-
ers, and of course, some do so. But RCTs typically necessitate researchers
to confer with real-world providers to design and implement the study.
In our own experience with both types of research, we have found that
this “nudge” helps us sharpen the questions we ask and the hypotheses
we test and better enables us to interpret the results.

Implementing partners often provide invaluable advice about both a
study’s design and the interpretation of it. For example, in the physician-
patient racial concordance study discussed earlier, the implementing
partner was instrumental in advising on recruitment and which messag-
ing would and would not work to persuade patients to show up at the
clinic. Owen Garrick, the president and chief operating officer of Bridge
Clinical Research and a coauthor of the study, recommended recruiting
participants from barbershops, a common location for health outreach
among Black men. One of us (Alsan) literally drove around Oakland
with Garrick to identify the barbershops in the area, which were not
often on Google Maps. Furthermore, Bridge Clinical Research’s focus
groups with Black men had found that advertising injections (such as
flu shots) may deter them from participating in a study. As such, the
advertisements we used integrated this feedback, and the study recruit-
ment, and ultimately the study, benefited.

In another example, the Hotspotting study discussed earlier, the in-
tervention itself had been developed by the implementing partner based
on the hypothesis that breaking down the silos to coordinating patient
care could be successful in helping very complex patients. Not surpris-
ingly, therefore, since the theory of change behind the intervention had
originated from the partner, the partner provided invaluable input in
how one of us (Finkelstein) should interpret and learn the most from the
results of the study of the intervention’s impact.

RCTs: A Many-Splendored Thing

Policymakers at federal and state agencies, health systems, payers, and
providers are innovating constantly to provide higher-quality, more
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efficient care to patients. Researchers and leaders in health care have
recently made encouraging progress in overcoming ethical, logistical,
and cost barriers to implementing RCTs to study how best to improve
health care delivery and patients’ experience.8 This trend has been ap-
plauded, with people pointing to the widely known benefits of RCTS
for producing credible evidence of causal effects.39,40

The COVID-19 pandemic has only heightened the need to identify
effective and equitable ways to improve population health and the health
care system. RCTs can help policymakers develop needed evidence. Al-
though not every program or policy can or should be evaluated with an
RCT, it is a powerful tool that should be considered when initiating or
expanding health care delivery interventions.

In this article, we have described four additional (and perhaps less
widely appreciated) benefits of RCTs from the perspective of social sci-
entists. They put both researchers and policymakers in the driver’s seat,
allowing them to answer the questions that they want answered, rather
than what they can answer with naturally occurring variations. They can
help identify subtle, indirect effects of programs and policies. They also
can be designed to uncover underlying mechanisms and explain why
studies find particular results. Finally, the close collaborations between
researchers and partners can help create more policy-relevant research.
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