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Abstract

In the past decade, behavioural science has gained influence in policymaking but suffered a
crisis of confidence in the replicability of its findings. Here, we describe a nascent heterogeneity
revolution that we believe these twin historical trends have triggered. This revolution will be
defined by the recognition that most treatment effects are heterogeneous, so the variation in
effect estimates across studies that defines the replication crisis is to be expected as long as
heterogeneous effects are studied without a systematic approach to sampling and moderation.
When studied systematically, heterogeneity can be leveraged to build more complete theories

of causal mechanism that could inform nuanced and dependable guidance to policymakers. We
recommend investment in shared research infrastructure to make it feasible to study behavioural
interventions in heterogeneous and generalizable samples, and suggest low-cost steps researchers
can take immediately to avoid being misled by heterogeneity and begin to learn from it instead.

Can behavioural science really change the world? The past decade has seen a surge in
enthusiasm for the field’s potential to inform policy innovations and ameliorate persistent
societal problems~8. In response to this enthusiasm, governments, businesses and non-
governmental organizations around the world have launched behavioural science units to
realize this potential®79-13,

Over the same period, however, the behavioural sciences have been rocked by a crisis

of confidence in the rigour of the field’s empirical methods and the replicability of

its basic findings14-17. Policy-oriented behavioural science has been no exception. Early
demonstrations showing the potential of behavioural interventions to produce policy
victories’18-23 have frequently been followed by disappointing results in subsequent
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larger-scale evaluations24=29, This has raised serious questions about how much potential
behavioural interventions really have to make meaningful contributions to societal well-
being39:31, Those questions are warranted, but not primarily for the reasons most in the field
are focused on.

The field’s response to concerns about replicability has concentrated almost exclusively on
efforts to control type-I error (that is, prevent false-positive findings)32-36. Controlling type-I
error is important and many of the field’s recent reforms on this front were needed. But

the single-minded focus on this issue is distracting from, and possibly aggravating, more
fundamental problems standing in the way of behavioural science’s potential to change

the world: the narrow emphasis on discovering main effects3”:38 and the common practice
of drawing inferences about an intervention’s likely effect at a population scale based on
findings in haphazard convenience samples that cannot support such generalizations339. If
these aspects of the field’s current paradigm are not changed, we believe that they will
produce a perpetual cycle of promising initial findings that are discarded—often wrongly—
because they cannot be replicated reliably in other haphazard samples, ultimately hobbling
the field’s efforts to have a meaningful impact on people’s lives.

Recent problems in the field of artificial intelligence (Al) suggest an even more troubling
possibility: the current heterogeneity-naive, main-effect-focused approach could lead to
policies that perpetuate or exacerbate group-based inequality by benefiting majority-group
members and not others. In Al, machine learning algorithms are often trained on large
samples of data that are disproportionately representative of the majority group (that is,
white people) without meaningful consideration of heterogeneity. Consequently, algorithms
have been found to produce biased outputs (for example, accurately recognizing white but
not Black voices and faces; incorrectly flagging images of Black people as pornography

or misidentifying them as gorillas)*°. In behavioural intervention research, a narrow focus
on main effects in the population as a whole almost necessarily means a focus on effects

in the group with the greatest numerical representation (for example, white people in the
United States)*L. To the extent that members of minority groups are either benefitted less
or harmed by an intervention that benefits the majority group, the result will be worsening
inequality. Research on interventions to increase voter turnout, for example, have generally
focused on main effects in the population as a whole and have been shown, on average, to be
more effective for the majority group than for minority groups, thus increasing the already
substantial inequality of representation in the voting electorate*2.

The purpose of this Perspective is to describe a nascent scientific revolution?3 that is
building in parts of the behavioural science community and to highlight its implications,

in particular, for the field of behavioural science and policy. This revolution stems from an
increasing appreciation of the importance of heterogeneity in treatment effects3”44-52, The
fact that nearly all phenomena occur under some conditions and not others is, in some ways,
so widely appreciated as to be a scientific truism. It is a major reason, for example, why
much scientific work is done in laboratories, where conditions can be carefully controlled to
isolate and identify phenomena of interest. However, behavioural intervention researchers
and policy experts alike seem not to have recognized the far-reaching implications of
heterogeneity for how they do their work.
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Here, we explain why a heterogeneity revolution is needed and characterize the new
scientific paradigm#3 that we believe it portends. Specifically, we expect that the new
paradigm will be defined by (1) a presumption that intervention effects are context
dependent; (2) skepticism of insufficiently qualified claims about an intervention’s ‘true
effect’ that ignore or downplay heterogeneity; and (3) an understanding that variation

in effect estimates across replications is to be expected even in the absence of type-I

error*®, We also describe how we believe this paradigm shift will change current research
practice. This includes (1) increased attentiveness, in the hypothesis generation phase, to the
likely sources of heterogeneity in treatment effects; (2) efforts to measure characteristics

of samples and research contexts that might contribute to such heterogeneity; (3) the

use of new, conservative statistical techniques to identify sources of heterogeneity that
might not have been predicted in advance; and, ultimately, (4) large-scale investment in
shared infrastructure to reduce the currently prohibitive cost to individual researchers of
collecting data—especially field data—in high-quality generalizable samples. Finally, we
explain why we believe these changes will lead to more rapid progress in the development
of causal theories and, by consequence, considerable improvements in the dependability and
scalability of behavioural science-based policy recommendations.

Although we believe that the points we make here apply to research in many areas, we
limit the scope of our claims to the field of behavioural science and policy (also referred to
throughout this Perspective as behavioural intervention research) that has gained influence
in both academic and policy circles over roughly the past decade. We define this field as
research aimed at harnessing basic insights from psychology and behavioural economics
to develop interventions that advance policy goals without using mandates or significant
changes in economic incentives. In particular, we have in mind three broad categories

of research that fit that definition: (1) work in the ‘nudge’ tradition®3, rooted primarily

in cognitive psychology and behavioural economics; (2) research in the emerging ‘wise
interventions’ tradition*>°1, rooted primarily in social psychology; and (3) behavioural
intervention work conducted in research communities that are focused on specific policy
domains, such as health, education, environmental conservation and economic development.

Importantly, our purpose here is not to question the choices of individual researchers. The
problem we seek to highlight is a collective one. Serious flaws in our shared paradigm

for thinking about behavioural interventions and the near-total absence of a research
infrastructure that would make it feasible to study heterogeneous intervention effects
productively have hampered progress. But paradigms can change, and shared infrastructure
can be built that gives a larger and more diverse group of scientists access to the kinds of
samples and research settings that are needed to do research with the potential to have real,
lasting impact on policy.

The instructive case of Opower

The recent interest in heterogeneity stems in large part from the same phenomenon
that sparked the replication crisis: the frequent failure of promising initial findings to
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be confirmed in subsequent evaluation studies. Recently, several investigators#4-46.52.54
have shown, using a range of analytical approaches, that treatment-effect heterogeneity
is sufficient to explain much (possibly most) of the inconsistency in findings that is so
routinely and complacently characterized as evidence of a ‘replication crisis’ under the
current, heterogeneity-naive paradigm.

Research on a descriptive norms intervention to reduce household energy
consumption19:24:55 helps illustrate why this is true. In an attempt to encourage energy
conservation, the company Opower provides its customers with information about how
their energy use compares with that of their neighbours. The first studies evaluating

the effectiveness of Opower’s intervention found that energy use was reduced in treated
households by an average of 2% compared with randomly assigned control households!8.
Considering the low cost of this treatment, a 2% reduction is a meaningful improvement and
that finding has been cited numerous times by leaders in the behavioural science and policy
community as evidence of the intervention’s general effectiveness as a policy tool37%6, As
the intervention was scaled up, however, a subsequent evaluation revealed its average effect
to be much smaller—and much less important from a practical perspective—than the initial
evaluation suggested??.

This inconsistency is very unlikely to be due to type-1 error. The initial optimistic evaluation
of the Opower intervention was based on a rigorous analysis of 17 separate field experiments
with a combined sample of roughly 600,000 households and was robust to independent
analysis18. Rather, the weaker estimated average effect in the later evaluation can be
explained by the different demographics of the communities included in the programme

as the intervention was scaled up?4. The first communities to adopt the intervention (and
therefore those included in the initial evaluation experiments) tended to be both unusually
progressive in their attitudes toward energy conservation and relatively prosperous, which
meant larger homes with more and easier opportunities to eliminate inefficiencies (for
example, heated swimming pools)24. This was, of course, a reasonable setting to conduct
initial studies. But, as the programme expanded to millions of additional households in a
broader range of communities, many of which were lower-income, less likely to hold strong
environmentalist attitudes, or both, the estimated average treatment effect (ATE) became
markedly less impressive24. The appropriate conclusion from these studies is not that the
effect is inherently unreliable or that early enthusiasm about its promise as a policy tool was
misguided. Like most interventions, the Opower treatment appears to have heterogeneous
effects—it is more effective in some contexts and populations than it is in others.

The Opower case is especially instructive because it serves, in some respects, as a cautionary
tale and, in other respects, as a model of how to study heterogeneous effects well. The
cautionary tale arises from high-profile and insufficiently qualified claims from behavioural
scientists and policymakers (but not from the author of the study) about the effectiveness

of the Opower intervention as a policy tool37:26, These claims were based on the initial
optimistic evaluationl8 and are revealed by the subsequent evaluation?4 to have been much
too general.
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By contrast, the greater clarity we now have about heterogeneity in the Opower effect is
thanks to Opower’s continued use of randomized trials in each new community it was
expanded to as the programme was scaled up and to the careful and nuanced analysis of the
data from those trials by H. Allcott, the author of both the initial optimistic evaluationl8 and
the subsequent more downbeat oneZ4. Allcott discovered that, as the intervention was scaled
beyond the 600,000 households included in the initial evaluation!® to an additional 8 million
households, the average effect size became markedly smaller?4. Allcott leveraged data about
the characteristics of the various test sites to suggest hypotheses about likely moderators of
the intervention’s effect.

Allcott’s contributions were possible, in part, because there were ample data available about
the possible moderating characteristics of the various Opower test sites that could be used

to make sense of the heterogeneity in the intervention’s effect?4, but this is not typical. In

a recent systematic review of behavioural intervention research in the choice-architecture

or nudge tradition (154 studies)38, the overwhelming majority of behavioural intervention
experiments (98%) relied on haphazard samples—convenient and willing institutional
partners, anonymous crowdsourced online participants, university participant pools and the
like (much as the Opower evaluations did). But, in contrast to the Opower evaluations,

the characteristics of these samples or their contexts were rarely measured in ways that
could shed light on what populations or settings results are likely to generalize to. In the
systematic review just mentioned38, only 18% of studies provided even minimal information
about characteristics that might moderate effects (detailed coding results are shown at
https://osf.io/zuh93). A separate systematic review of intervention effects in development
economics (635 studies) found that 1 in 5 studies failed even to provide such basic
contextual information as the type of organization involved in administering the intervention
(such as government, non-profit or private sector)®’:58, Without careful measurement and
reporting of likely sources of heterogeneity in treatment effects, investigators cannot begin to
assess what conditions are necessary for an observed effect to manifest, because they do not
know what conditions were present when it was discovered in the first place.

Inattentiveness to heterogeneity is a natural consequence of the parochial main-effect
thinking that pervades the current paradigm. Behavioural intervention researchers rarely
even ask whether their effects are moderated, presumably because moderation is not valued
in the field374. The implicit presumption seems to be that, if it’s a real or important effect,
it should hold across contexts and subgroups28:59.60, A large and growing body of evidence

indicates that this one-size-fits-all approach does not actually fit the world we live in very
wel[44.46,48,54,61,62.

Heterogeneity can be leveraged to build better theories

In addition to helping dispel the confusion and uncertainty caused by unexplained
inconsistency in research results, the heterogeneity revolution will help behavioural
scientists gain important new insights into the causal mechanisms underlying intervention
effects. Indeed, identifying the moderators of experimental effects can be a powerful tool for
identifying causal mechanisms®3-65 and its value can be harnessed at multiple stages of the
theory-building process.
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For example, the finding that the Opower programme appears to be more effective in
wealthier communities with relatively progressive environmental attitudes?4 suggests some
interesting hypotheses about how that intervention might work. It might be that descriptive
norm information has its effect on energy use by activating people’s concern about whether
they are living up to values they already hold rather than by persuading people to prioritize
energy conservation more than they currently do. Alternatively (or, in addition), it might
be that descriptive norms foster only moderately strong motivation—enough to induce
people to make easy sacrifices (like a wealthy household heating their swimming pool
less) but not difficult ones (like a working-class household replacing old appliances with
energy efficient ones). These kinds of hypotheses can then be tested directly. As theories
become more developed and investigators seek to test specific hypotheses about causal
processes, moderators of treatment effects can often be experimentally manipulated (where
appropriate), independently of the main intervention manipulation.

Manipulating mechanism-specific moderators—referred to as ‘switches’—in this way
allows researchers to test theories of causal mechanism by showing that a treatment effect

is weakened or eliminated when a switch is ‘turned off’66. The logic here is the same,

for example, as that behind neuroscientists’ use of transcranial magnetic stimulation and
related techniques to temporarily (and harmlessly) attenuate or intensify neural activity in
specific brain structures in order to elucidate their causal role in particular cognitive or social
functions®7-69,

Rich, well-specified causal theories are often thought of as the exclusive province of basic
research, but they are equally important for behavioural scientists who seek to inform policy.
When behavioural scientists have a clear and complete understanding of how interventions
work, they will be in a much stronger position to offer nuanced, well-founded guidance to
policymakers.

The coming heterogeneity revolution

What if instead of treating variation in intervention effects as a nuisance or a limitation

on the impressiveness of an intervention, we assumed that intervention effects should be
expected to vary across contexts and populations? How would we design the research
pipeline differently if we took seriously the challenge of using heterogeneity as a tool for
building more complete theories and producing more robust and predictable effects across
contexts and populations at the end of the line?

This is exactly the question some have begun to ask37:49:70-74_ The emerging heterogeneity
paradigm takes the field’s important efforts to reduce type-1 errorl6 as a starting point
rather than an end point#°. Journal editors have begun to encourage authors to articulate
the likely limits on the generality of their findings®®:7>. Funding agencies have begun to
require researchers to think carefully, at the proposal stage, about the populations they

aim to generalize to and how well-suited their intended samples are to that purpose’®.
Statisticians are developing new methods for recruiting heterogeneous samples’’, as well
as readily available, off-the-shelf machine learning algorithms that can be used to detect
and understand heterogeneous causal effects while keeping the risk of false discoveries
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in check’8-81: and scholars are moving towards a different kind of data collection—one
that includes the careful conceptualization and measurement of potential moderators at
every stage of the research pipeline and builds toward eventual tests of these moderators
in generalizable samples (for example, participants randomly selected from a defined
population) (ref. 82 and http://www.tessexperiments.org).

These scholars are thinking in increasingly sophisticated ways about different sources of
heterogeneity in findings across replications. Some sources are related to the intervention’s
materials or experimental procedures*4. These, in particular, have attracted attention in
debates about replicability#483-88, The focus on such procedural factors is an important
first step, helping make clear that there is a need for more careful piloting, assessment of
manipulation checks and specificity about the procedural details that produced an original
finding#8:83. Once we have clarity about procedural questions, we can turn our attention

to more theoretically meaningful sources of heterogeneity, such as cultural or demographic
characteristics of the participant population and features of the study context that might
support or undermine an intervention’s effect8%-92 (Table 1).

Of course, the broader behavioural science community is no stranger to heterogeneity

in treatment effects. There is a large and diverse literature documenting the ways in

which social identity, culture or life circumstances, for instance, can cause people to
understand and respond to identical stimuli in very different ways®3-190, And the two-by-
two experiment has long been a staple of basic laboratory research in social psychology01.
These (and other92) research traditions provide a basis for predicting, understanding,

and harnessing the probative power of heterogeneous effects in behavioural intervention
research. The nascent heterogeneity revolution will build on the strengths of these existing
research traditions by complementing the theoretical interest in context- and group-based
differences with sampling methods that can yield generalizable insights about those
differences.

The instructive case of the National Study of Learning mindsets

While Allcott’s analysis of Opower is a model of how investigators can make use of
available data to gain traction in understanding heterogeneous effects, his analysis was
limited to the data about potential moderators that happened to be available to him, because
those trials were not designed to detect moderation. Indeed, Allcott?# concluded that the
haphazard sampling in the Opower trials limited the generalizability of his moderation
analyses. Therefore, a generalizable theory of the circumstances and populations in which
this (or any) intervention is likely to be effective must ultimately be based on tests that are
designed in advance to document heterogeneity, ideally using generalizable (for example,
random or probability-based) samples. Of course, the integrity of this approach depends on
taking careful measures to avoid over-interpreting chance variation, including pre-registered
analysis plans and careful control on multiple hypothesis tests; features that are built into
many state-of-the-art statistical techniques’8-81,

One study that took this approach is the National Study of Learning Mindsets (NSLM)6L.,
The NSLM showed that a short, online growth-mindset intervention—which taught
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students that people’s intelligence can be developed—could improve high school grades
of lower-achieving students and increase uptake of advanced maths courses, irrespective of
achievement level, even months later. The study was conducted in a national probability
sample of public high schools in the United States, allowing for strong claims of
generalizability. Because the growth-mindset intervention is short and administered online,
it is highly cost-effectivel93, Therefore, the NSLM produced exactly the kind of result that,
under the old paradigm, might have resulted in calls for universal scale-up%4.

Nevertheless, the NSLM was not designed to find large average effects. Instead, it aimed
to study treatment-effect heterogeneity in order to learn about the theoretical mechanisms
behind its effects10%. For instance, the NSLM over-sampled schools that were expected
to have weaker effects, such as very low-achieving schools that were presumed to lack
the resources to benefit from a simple motivational treatment, and very high-achieving
schools that were expected not to need an intervention. This gave the study sufficient
statistical power to test for interactions. The NSLM also included a novel measure of another
hypothesized contextual moderator—whether school norms supported or undermined a
growth mindset. In a pre-registered analysis, the authors found that the intervention was
effective in schools with norms supportive of growth mindset but not in schools with
unsupportive norms. The moderating effect of such norms was especially apparent in
schools that were low- to medium-achieving®l.

In summary, the NSLM showed that a short, online growth-mindset intervention is most
helpful to vulnerable individuals (those at greater risk of falling behind), who are in

at least minimally supportive contexts (those with peer norms that do not contradict

the intervention’s growth-mindset message)®. It was only possible to draw such strong
conclusions about the contexts and populations in which this intervention is most likely

to be effective thanks to the study’s use of a heterogeneous and generalizable sample

and a detailed (and pre-registered) plan for measuring relevant moderators. The use of
machine learning tools, a Bayesian method for estimating effect sizes conservatively to
avoid spurious results, and a blinded analysis by independent statisticians helped to further
allay concerns about false-positive findings196,

The NSLM shows that even a study with an overall positive replication effect in a
representative sample can be heterogeneous in ways that reveal a more nuanced and realistic
picture of effect sizes. This heterogeneity also afforded critical new insights about how to
create conditions that could yield more widespread effects in the future. For example, larger
and more widespread improvements in student outcomes might be achieved by combining
this intervention with a treatment aimed at shifting peer norms by targeting a school’s most
socially influential students07. This illustrates how the analysis of measured moderators,
which cannot support strong causal inferences about the context, can lay the groundwork
for experimental studies that more directly test the causal moderating effect of a contextual
factor.

The point here is not to disparage laboratory studies or other research in convenience
samples. The successes of the Opower (descriptive norms) and growth-mindset interventions
both built on decades of more basic research using convenience samples. Indeed, both are
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demonstrations that the findings of such early-stage work can ultimately be replicated and
generalized in ways that make valuable contributions to societal well-being. Our point,
rather, is that the path from such early-stage research to the sort of conclusions that can
underpin useful policy recommendations is likely to be substantially smoother and shorter
if early-stage research is designed with an eye to documenting heterogeneity. That means
theorizing about and, wherever possible, measuring the potential moderators that are likely
to be most important at scalel08.109,

What does it mean to take heterogeneity seriously?

What does a heterogeneity revolution mean for how research is conducted and interpreted?
Below, we provide a hypothetical example to show why researchers can be misled when
they encounter heterogeneity ad hoc rather than systematically. In Fig. 1, we illustrate

the samples from four hypothetical experiments evaluating the same intervention. Each

dot in the figure represents the theoretical treatment effect for an individual person. (This
individual-level treatment effect is theoretical because the treatment effect for an individual
cannot be observed directly119).

Note that, as the sample varies from experiment to experiment, from left to right, so too
does the sample’s ATE. In Fig. 1a, the ATE is very large. This could represent a first
experiment, conducted under optimal conditions, that overestimates the overall average
effect. In Fig. 1c, which samples unintentionally from a different segment of population,
the ATE is approximately 0. This could represent a replication experiment that, under the
current paradigm would be interpreted as a failure to replicate. Since the experiment in
Fig. 1c has a larger sample size than that in Fig. 1a, the latter might be accorded greater
credibility, leading to the conclusion that the initial study was a false positive.

What if a study were conducted in a representative sample of the full population (Fig. 1d)?
The estimate of the ATE would be roughly 0.07 standard deviations, which might be judged
too small to be of interest unless implementation cost were low or the outcome in question
were highly valued. However, interpreting this result only in terms of the main effect would
miss the fact that there is a real and sizeable segment of the population for whom the average
effect is substantially larger and perhaps more clearly important from a policy perspective.
So, while this intervention may not be useful in all contexts for all people, it is effective

for more than half of the population. If that half of the population is especially vulnerable
(for example, a group that typically underperforms relative to others), or if it is possible

to experimentally recreate the conditions necessary for the intervention to be effective in
subgroups it is not naturally effective in, then a predictably heterogeneous intervention can
make an important contribution to policy aims.

The hypothetical example depicted in Fig. 1 highlights two key characteristics of the
emerging paradigm that distinguish it from the current one:

1. Intervention effects are expected to be context and population dependent.
Under the current paradigm, researchers tend to value interventions with broad
and universal effects and to see moderation as a hedge or a flaw: ‘it only works
in X group or under Y conditions’6%.111 Experiments are currently designed
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primarily to assess average effects—to support unqualified claims about ‘the true
effect’34 of a treatment: “Did it work?” and ‘How big was the effect?’

The emerging paradigm eschews unqualified hypotheses about ‘the true effect’
of an intervention in favour of more nuanced ones. We ask: ‘For whom,

and under what conditions, does an effect appear, and why?” and ‘Was my
sample constructed in a way that justifies confidence in the answers to these
questions?’. This emphasis on identifying replicable subgroup effects will lead
to deeper understanding of causal mechanisms of interventions and a more solid
evidentiary basis for policy recommendations.

2. Decline effects in later replications are not automatically attributed to
questionable research practices in original research. The current paradigm
often assumes that upwardly biased effect estimates in original findings are
attributable to questionable research practices. But the emerging paradigm
expects average effects frequently to be smaller in later-conducted studies
even in the absence of type-1 error, as in the Opower example. This is
because researchers tend to conduct initial studies in samples and contexts that
are optimized for effects to emerge (for example, Fig. 1a). Indeed, because
investigators often rely heavily on intuitive thinking when designing initial
tests of new ideas, they may select optimal conditions for large effects based
on implicit reasoning they have not yet articulated even in their own minds.

As subsequent studies are conducted in more generalizable samples and more
varied contexts, main effects should often be smaller (for example, Fig. 1b—d).
Rather than indicating methodological weakness, such variation across studies is
understood often to reflect the natural creative process of generating and testing
new hypotheses, and the heterogeneity that is discovered as additional studies
are conducted is seen as a source of insight into boundary conditions and an
opportunity to enrich theory.

Implications of the emerging paradigm for research practice and science

infrastructure

The highest standard for behavioural intervention research that takes heterogeneity seriously
is the use of large probability-based samples combined with comprehensive measurement
and analysis of moderators. It will probably be some time before the field can build a
suitably robust infrastructure to make such samples available to most researchers. In Table
2, we outline changes to standard research practice that we recommend at each stage of
intervention development and evaluation. Most of these represent modest changes to current
practice and can be adopted immediately by individual researchers at low cost (a more
in-depth discussion of these recommendations is presented in Supplementary Discussion 1).

We suspect, however, that the logistical demands of completing the research cycle we are
recommending here—particularly the need for systematic, generalizable samples before it
is possible to draw dependable conclusions about an intervention’s usefulness as a policy
tool—are simply too formidable for individual scholars to take on by themselves. With
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the existing research infrastructure, even a brief survey experiment in a probability sample
can easily cost tens of thousands of dollars. In the United States, a single intervention
experiment that goes beyond self-report surveys to look at behaviour or real-life outcomes
in a high-quality generalizable (for example, random) sample can easily cost millions of
dollars, but the field does not have to pay these costs for each individual project. As growing
numbers of behavioural intervention researchers begin to appreciate the perils of making
policy recommendations without such samples, and the enormous gains in theoretical
discovery and research replicability that can be realized by fully harnessing heterogeneity,
opportunities to build shared infrastructure will emerge.

In other fields, ‘team science’ and shared infrastructure have helped solve daunting
collective problems. In physics, for example, when it became clear that many fundamental
open questions could not be answered without a massively expensive giant particle
accelerator, the field did not decide simply to answer less important questions. They pooled
resources and raised the funds needed to build the Large Hadron Collider, which researchers
then shared to pursue answers to the questions that mattered!12. Field-altering discoveries
soon followed13,

In the behavioural sciences, one model of shared research infrastructure is the National
Science Foundation-funded Time-sharing Experiments in the Social Sciences (TESS)
(http://www.tessexperiments.org), which enables researchers to conduct online experiments
in a professionally managed, nationally representative panel of US adults?3. Proposed
experiments are peer-reviewed for quality before data can be collected with the panel.
High-quality measures of many common moderator variables are available and, critically,
researchers using TESS can specify segments of the population they wish to sample

and can design their experiments with those groups in mind. Comparable infrastructure
for behavioural intervention research will need to overcome additional challenges. Major
new investment is needed to build standing panels of research participants in population
segments relevant to the policy domains behavioural science aims to contribute to

(for example, students, teachers, managers, employees, doctors, patients, police officers,
demographic groups that are underrepresented in higher-education, the voting electorate,
people with high-paying jobs, or those overrepresented in the criminal justice and social
welfare systems). This infrastructure should also include standing relationships with a
wide range of partner organizations willing to collaborate on research, secure access to
administrative data on important policy outcomes, and support for interdisciplinary teams
of scientists with diverse expertise, ranging from the psychology that shapes motivation
and decision-making to the subtleties of contextual effects and the technical nuances of
causal inference in complex datasets!14. Although the field has begun to invest in shared
research infrastructure, and in some cases to place more emphasis on low-cost methods
of documenting heterogeneity in early-stage research, none of the existing efforts have
produced an infrastructure for collecting the kind of general izable data that are needed to
inform dependable policy recommendations (Box 1) and none are likely to without a major
investment of resources.
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Conclusion

What is at stake in the heterogeneity revolution? Nothing less than the credibility and

utility of our field’s scientific advances30. In addition to risking our credibility as a field

that has valuable contributions to make to policymaking1®, the current heterogeneity-naive

paradigm risks harm to members of minority groups by supporting policy recommendations
before we understand whether and how the policies in question might affect minority groups
in ways that diverge from the policy’s predominant effect in the broader population.

To avoid these dangers, we must expect, study and capitalize on the heterogeneity that
characterizes most effects in science. Done correctly, tests of heterogeneity afford the richer
theoretical understanding that is needed to improve interventions over time and make them
effective for the diverse gamut of populations and contexts policy must address.

We believe investment in shared research infrastructure will also help the field move past
contentious debates about replicability. Those who have pointed out the need to eliminate
research practices that inflate type-I error rates!”-116 have done a great service to our field.
However, the real scientific revolution this crisis in confidence will produce has not yet
arrived fully. Avoiding false positives is a critical first step but it is not enough to bring about
the renaissancel® or credibility revolution!? that is desperately needed.

What makes us so confident that a heterogeneity revolution is coming? Scientific revolutions
emerge when it becomes clear that a field’s existing paradigm cannot explain its empirical
findings*3. We predict that larger samples and pre-registration alone will not meaningfully
ameliorate the inconsistency of intervention effects across studies, and the field will
eventually be forced to look deeper for an answer to this problem. We believe they

will find it in the work of those who are already beginning to study heterogeneity more
systematically. Our hope and expectation is that this will ultimately lead to a more robust
and generalizable science of human behaviour that allows our field to deliver, finally, on its
promise to change the world.
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Box 1 |

Existing efforts to build shared infrastructure for behavioural intervention
research

Three recent efforts to build shared research infrastructure for behavioural intervention
research illustrate that such collective efforts are feasible and provide models that the
field could build on, given adequate funding, to support the collection of data that would
yield generalizable findings about heterogeneous treatment effects.

1. The Psychological Science Accelerator (PSA)!? recruits laboratories around
the world to conduct the same experiments at about the same time—
similar to a meta-analysis in which individual studies are coordinated and
approximately simul taneous. Although the stated goal of the PSA is to
understand the generalizability and heterogeneity of psychological science, it
is unlikely to achieve this in its current form. It uses the same haphazard, opt-
in sampling of participants (and laboratories) that has long characterized the
experimental behavioural sciences. With guidance from experts in sampling
and generalizability and substantial investment of resources, the PSA could
provide exactly the type of infrastructure we are calling for.

2. The Behavior Change for Good (BCFG) initiative (https://
bcfg.wharton.upenn.edu/) facilitates ‘mega-studies’ in domains including
exercise, savings and immunization by establishing temporary research
relationships with private companies in relevant domains (for example, a
national chain of fitness clubs). Researcher access to these opportunities
is by invitation and all interventions are tested in a single, randomized
trial. BCFG now also uses machine learning methods to assess which
interventions are most effective for different subgroups of participants!20,
The BCFG infrastructure is not open to out-side researchers and the kinds of
rich data about contexts and users that would be necessary for informative
heterogeneity analyses are rarely available. However, adding these method
logical features might be possible with sufficient resources.

3. The Character Lab Research Network (CLRN) (https://char-acterlab.org/
research-network/) maintains a large, profess sionally managed panel of
US public schools for intervene tion research and collects data about
population and school characteristics that might moderate effects. CLRN
allows investigators to pilot test their interventions, obtain qualita tive
feedback from relevant students, and adjust materials before launching fully
powered studies. Schools are recruited with an eye toward representing the
heterogeneity of contexts and students found in US public schools (that
is, purposive sampling) and researchers are asked, at the proposal stage,
to specify the subgroup(s) of students or schools they wish to generalize
to. Their attentiveness to heterogeneity and use of the best available non-
probability sampling methods to approximate representativeness make CLRN
a leading example of how infrastructure can facilitate heterogeneity-conscious
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research. With a substantial increase in funding, they could probably add
probability sampling.

Note that all of these infrastructure projects are designed to support research on relatively
brief, logistically simple interventions (for example, a single 60-min, interactive, online
session that participants can complete on their own). We are not aware of any efforts

to build shared research infrastructure for the study of more logistically complex
behavioural interventions (for example, a six-month, multi-session training programme
that requires face-to-face interaction with facilitators). Although it is no less important
to understand heterogeneity in the effects of logistically complex interventions, building
infrastructure to support heterogeneity-conscious research on such interventions would
almost certainly involve far greater logistical challenges and be even more resource
intensive than it will be for the logistically simpler interventions that we focus on here.
Three recent efforts to build shared research infrastructure for behavioural intervention
research illustrate that such collective efforts are feasible and provide models that the
field could build on, given adequate funding, to support the collection of data that would
yield generalizable findings about heterogeneous treatment effects.
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Fig. 1 |. Relation of the study population to a hypothetical study’s sample and estimated

treatment effect.

a—d, Four hypothetical studies to estimate the same hypothesized treatment main effect (for
example, the hypothesis that teaching students a growth mindset of intelligence will increase
grades). Shaded regions represent the slice of the population that each hypothetical study
sampled, and each dot represents the theoretical treatment effect for an individual person.
The dashed line indicates the mean of the dots within the relevant shaded region, which

is the average treatment effect (ATE) for each hypothetical study. a, A hypothetical study

in which the sample is representative of a highly responsive segment of the population

in an optimal context (for example, middle-achieving students in classrooms with norms
supportive of growth mindset). b, A hypothetical study in which the sample is representative
of a broader range of subpopulations and contexts, including both more and less responsive
subpopulations (for example, middle- and high-achieving students) and/or of a broader range
of contexts, some more and some less conducive to a large treatment effect (for example,
classrooms with supportive norms and ones with unsupportive norms). ¢, A hypothetical
study in which the sample is representative of subpopulations that are not naturally
responsive to the treatment and/or contexts that are nonconductive to the treatment (for
example, high-achieving students in a range of classrooms and low- and medium-achieving
students in classrooms with unsupportive norms). d, A hypothetical study in which the
sample is representative of the full population and the relatively modest main-effect estimate

masks substantial heterogeneity.
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