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Governments increasingly use randomized controlled trials (RCTs) to
test innovations, yet we know little about how they incorporate results
into policymaking.We study 30US cities that ran 73RCTs with a national
nudge unit. Cities adopt a nudge treatment into their communications
in 27%of the cases.Wefind that the strengthof the evidence andkey city
features do not strongly predict adoption; instead, the largest predictor
is whether theRCTwas implemented using preexisting communication,
as opposed to new communication.We identify organizational inertia as
a leading explanation: changes to preexisting infrastructure are more
naturally folded into subsequent processes.

I. Introduction

In a drive to incorporate evidence into their policymaking, governments at
all levels have increasingly rolled out randomized controlled trials (RCTs)

Electronically published June 18, 2024

Journal of Political Economy, volume 132, number 8, August 2024.
© 2024 The University of Chicago. All rights reserved. Published by The University of Chicago Press.
https://doi.org/10.1086/729447

We are very grateful to the Behavioural Insights Team North America for supporting this
project and for countless suggestions and feedback as well as to Joaquin Carbonell for invalu-
able advice. We thank Leonardo Bursztyn, Carson Christiano, Hengchen Dai, Fred Finan,

000



to test policy innovations before scale up (e.g., Baron 2018; 115th Congress
2018; DIME 2019).
This experimentation has the potential to improve public policy. But

how often are the innovations tested in RCTs actually adopted? To what
extent do factors other than the strength of the evidence moderate this
adoption, such as state capacity, turnover of personnel, or organizational
inertia?
Table 1 summarizes the limited evidence. A first set of papers, for ex-

ample, Nakajima (2021), Mehmood, Naseer, and Chen (2022), Toma and
Bell (2024), and Vivalt and Coville (2023), examine policymakers’ interest
in adopting policies in mostly hypothetical scenarios. A second set exam-
ines the adoptionof one intervention; for example,Hjort et al. (2021) show
that Brazilian mayors who received information on a successful taxpayer
reminder letter from RCTevidence are more likely to adopt the communi-
cation. A third group, to which our study belongs, examines how multiple
institutions incorporate the results of different experiments, for example,
Kremer et al. (2019) documenting the scaling of 41 USAID-funded RCTs
and Wang and Yang (2022) examining policy experimentation by cities in
China. Studies in the third group have the advantage of allowing comparison
of variation in both institutions and in features of the interventions—such
as effect size—on adoption.1

In this paper, we bring new evidence to bear from the Behavioural In-
sights Team’s North America office (BIT NA). During the period under
study, BIT NA supported primarily North American cities to develop or
revise light-touch government communications (e.g., a letter or an email)
aimed at improving policy outcomes of interest to the city, such as the
timely payment of bills or the recruitment of a diverse police force. The
behavioral scientists at BIT NA and the staff members in the relevant city

1 Table 1 also includes some studies examining adoption of the results of experimenta-
tion in firms, where the evidence is similarly mixed and limited. See also Athey and Luca
(2019) and List (2022).
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department codesigned different versions of a given communication and
tested what works using an RCT. Compared to most settings, these RCTs
have relatively low barriers to adoption, as the innovations are light-touch
and low-cost, the evidence is developed in the relevant context, key stake-
holders are involved in designing and approving the innovation, and po-
litical or other feasibility barriers are cleared before the implementation
of the RCT.
BIT NA shared all the records on their RCTs conducted between 2015

and 2019. As documented by DellaVigna and Linos (2022), the average
nudge intervention in these 73 trials over 30 cities increases the outcome
of interest by 1.9 percentage points, a 13% increase relative to the baseline
average of 15%, with substantial heterogeneity in the effect size. However,
this data set does not indicate whether the nudge innovation is adopted in
subsequent communication by the city. This is not surprising, as datasets
tracking adoption, as reported by Kremer et al. (2019), are rare.
Thus, over the course of a year, starting in March 2021, we contacted

each city department involved and asked about the adoption of the fea-
tured communication, as well as additional information about the imple-
mentation, such as staff retention. We are able to assess the adoption for
all 73 RCTs and can thus estimate the rate of evidence of adoption and its
determinants. We compare these results with predictions by researchers
and nudge unit staff members, along the lines of DellaVigna, Pope, and
Vivalt (2019).
Before turning to results, we emphasize some features of our setting that

make it a good fit to evaluate the adoption of the treatment innovations.
For one, we observe the entirety of RCTs run by this unit and their adop-
tion, not just the successful cases. Also, the sample of RCTs is large enough
to grant statistical power, and yet the RCTs are comparable enough to en-
able inference. Furthermore, there is sufficient variation in the effective-
ness of the interventions, the characteristics of the policy partner (the city),
and the design of the trials to provide evidence on a range of adoption
predictors.
We first document the overall level of adoption. Out of 73 trials, the

nudge innovation is adopted in post-trial communications by the city 27%
of the time. This level is comparable to the average prediction of fore-
casters (32%) and the average rate of adoption among comparable stud-
ies (table 1).
We then consider three determinants of adoption: (i) the strength of the

evidence—statistical significance and effect size—which is the normative
benchmark, provided that the effect sizes after adoption are related to the
RCT estimates; (ii) features of the organization (city), such as the “state
capacity” of the city and whether the city staff member working on the RCT
is still involved; and (iii) the experimental design, namely, the type of nudge
treatment, and whether the communication was preexisting or new.

bottlenecks for evidence adoption 000
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We find surprisingly limited support for the role of evidence in adoption.
There is no difference in adoption for results with negative point estimates
(25% adoption), results with positive but not statistically significant esti-
mates (25%), and estimates that are positive and statistically significant
(30%). The likelihood of adoption increases with effect size (measured
in percentage points), from 17% in the bottom third to 38% in the top
third, though this difference is not statistically significant at conventional
levels. Along both dimensions, the impact of the evidence is less than what
forecasters expect.
Next, we find modest predictive power of organizational capacity, proxied

by city population (32% for larger cities vs. 22% for smaller ones) and certifi-
cation by What Works Cities as a “data-driven” city (30% vs. 24%). Adop-
tion is more likely when the city contact for the RCT is still employed by
the city (33% vs. 19%).
We thus turn to the last set of factors, the experimental design. The

adoption rate is somewhat higher for interventions involving simplification
(33%), as opposed to personal information and social cues (19% and 24%,
respectively).
The strongest predictor by far is whether the communication in the trial

was preexisting or new. In the 21 trials for which a preexisting city com-
munication had been modified to contain the nudge, the adoption rate
is 67% (14 out of 21). Conversely, in the 52 trials for which no similar com-
munication had been sent prior to the collaboration with BIT NA, the
adoption rate is only 12% (6 out of 52). This 55 percentage point differ-
ence, which is highly statistically significant (t 5 4), is far beyond the ex-
pectation of academics and members of nudge units, who expect only
an 11 percentage point difference. This impact is not only large but also
robust, at 60 percentage points (standard error ½SE� 5 0:15) when includ-
ing all controls.
Howdowe interpret these findings, and especially the key impact of pre-

existing communication?Wediscuss fourpotentialmechanisms: (i) cost of
materials, (ii) state capacity, (iii) unobservable features, and (iv) organiza-
tional inertia.
First, the cost of materials is already included in the city budget for pre-

existing communications but are not for new communications in the
years to come. However, our findings are similar for online communica-
tions, which have near-zero marginal cost, as for paper communications,
which require some financing for material costs.
Second, cities or departments with preexisting communications may

have better staffing and infrastructure, which is why they were already
sending the communications (state capacity). However, we find the same
adoption gap between preexisting and new communications even within
city, after controlling for city fixed effects. Still, there could be within-city
differences in communication infrastructure at the department level. To

000 journal of political economy



make progress, we collect a sample of online forms from these city depart-
ment websites as a proxy for communication infrastructure, comparing to
the same city departments in nearby cities with comparable population.
We find that the availability and rate of change in online forms for the de-
partments in our BITNA sample are very similar to that in the comparison
cities. We conclude that the extent to which departments vary in their preex-
isting communication infrastructure is similar to the patterns in other cities
and does not reflect some unique state capacity of the departments in our
sample.
Third, as we outline in a simple model, unobservable variables, such as

prior beliefs of the policymakers or political concerns, may be correlated
with preexisting communication in a way that explains the results. While
we cannot control for unobservables, controlling for a number of features
of the interventions does not reduce the estimated impact of preexisting
communication at all.
Thus, we argue that the primary interpretation is organizational iner-

tia. Consider a two-step adoption process, with a first decision—whether
to send any communication—and a second decision—designing the con-
tent. Setting up a new communication can imply substantial organiza-
tional costs, while content changes are low cost. In cases with preexisting
communication, there is a routine process and staffing in place to send
the communication, so the first step is not a hurdle, and altering theword-
ing to adopt an effective innovation is relatively straightforward, leading
to high adoption. In cases with a new communication set up for the exper-
iment, instead, there is no automatic pathway to send it again, leading to
low adoption. Indeed, the low adoption for experiments with new com-
munication is entirely driven by cities sending no communication follow-
ing the RCT, as opposed to sending something other than the nudge ver-
sions in the experiment.
Organizational inertia can be caused by a broad set of factors, including

low prioritization or insufficient staffing. To make progress on narrowing
the potential pathways, we survey two samples—city employees respond-
ing for 25 trials that did not adopt a nudge treatment after finding positive
effects and 45 city policymakers not involved in the trials. We ask which
among seven factors would help them most to adopt successful nudges
in communications. City employees in both samples indicate that prior-
itization from decision-makers is a key factor, above logistical support,
funding for communication, staffing costs, and staff training. Stronger
evidence and the provision of simple reminders are rated as the least
helpful. These results suggest that a key bottleneck is likely the allocation
of resources by leadership to prioritize adoption.
The limited adoption of evidence has a large economic impact. If all

the effective nudges had been adopted, the RCTs would have increased the
targeted outcome, on average, by 2.70 percentage points (assuming the

bottlenecks for evidence adoption 000



effect sizes are stable over time). In contrast, the actual improvement is
estimated to be 0.89 percentage points, just one-third of the potential gains.
This gap is almost entirely due to the RCTs with new communication.
An important question is how our findings compare with other settings,

such as nonbehavioral interventions and RCTs in lower-income countries.
The level of adoption in our study, 27%, is in the range of the (few) esti-
mates in the literature (table 1). Regarding the key role of preexisting com-
munication,Kremer et al. (2019) also report that scaling is higher for RCTs
using established channels of distribution. Further, we reanalyze the data
from Hjort et al. (2021) and estimate a larger persuasive impact from pro-
viding evidence to Brazilian cities that already were sending a communica-
tion than to cities that were not (with the caveat that an alternative model
can also rationalize these effects). We hope that future papers will also com-
pare the effect size in an RCT to other determinants of adoption, such as
organizational inertia rooted in preexisting communication. As far as we
know, ours is the only paper that does this comparison.2

The paper relates to the literature onnudges (e.g., Thaler and Sunstein
2008; Benartzi et al. 2017; Milkman et al. 2021) and on experimental de-
sign (Kasy and Sautmann 2021). Our findings suggest that anticipating the
bottlenecks to adoption may change the experimental design to prioritize
treatments that are likely to be adopted if effective as well as the allocation
of resources to target adoption.
The paper also relates to the literature on scaling RCTevidence (Baner-

jee and Duflo 2009; Allcott 2015; Muralidharan and Niehaus 2017; Mea-
ger 2019; Vivalt 2020). Thenudgeunit interventionswere already “at scale”
in terms of sample size, since they applied nudges in the literature to a large
population in the policy setting, as documented by DellaVigna and Linos
(2022). We focus on the temporal dimension of scaling: the translation and
adoption of RCT results into continuing government practice.
Finally, the paper is related to the literature on organizational inertia

and learning (Levitt and March 1988; Simon 1997; Argote and Miron-
Spektor 2011). The fact that the key mediating variable for adoption was
not foreseen suggests that more emphasis on organizational processes will
be important in future studies.

II. Setting and Data

A. Trials by Nudge Unit BIT NA

1. Nudge Units

In 2015, the UK-based Behavioural Insights Team opened its North Amer-
ican office, BIT North America, partially in support of the What Works

2 In table 1, papers in the second group cannot study the role of different effect sizes as
they provide evidence from only one RCT. Among papers in the third group, Kremer
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Cities initiative to provide technical assistance to midsized cities across
the United States. This team, like other nudge units, aims to use behav-
ioral science to improve the delivery of government services through rig-
orous RCTs and to build the capacity of government agencies to use RCTs
independently. BIT NA has collaborated with over 50 US cities to sup-
port the implementation of behavioral experiments within local govern-
ment agencies. In interviews, the leadership noted that the primary goal
of these experiments is to measure “what works” in moving key policy
outcomes.
The vast majority of their projects during the period under study are

RCTs, with randomization at the individual level, involving a low-cost
nudge delivered as a letter or online communication (e.g., email), target-
ing a behavioral variable, such as reducing late utility bill payments. Fig-
ures A.1a andA.1b (figs. A.1–A.10 are available online) showan intervention
aimed to increase the payment of delinquent fines from traffic violations,
with a status quo letter in the control group (fig. A.1a) and a simplified
letter in the treatment group (fig. A.1b). The outcome is the share of re-
cipients making a payment within 3 months.

2. Process of Experimentation

As the left-hand side of figure 1A shows, trials are developed in collabora-
tion with a city department that is interested in working with BIT NA on
a policy area of interest. In most cases, scoping calls between a city staff
member and a BIT NA behavioral scientist help determine whether an
RCT is feasible by defining a behavioral outcome of interest, estimating
the potential sample size, and confirming the possibility for a scalable light-
touch intervention. Unlike purely academic research, most trials are ex-
plicitly designed with feasibility of adoption in mind.
Once BITNA confirms that a well-powered trial is possible, department

staff and other city stakeholders (e.g., legal and communications teams) col-
laborate with behavioral scientists at BITNA to codesign the specific interven-
tion and evaluation plan. This stage is relevant for potential adoption—
many of the hurdles for scaling up evidence, such as legal or political
barriers, have already been overcome at the RCT design stage. Moreover,
in selecting the intervention, the team aims to only test interventions that
the city could plausibly adopt, should they work. The city staff involved in
designing and implementing the trial are also the ones who would be in-
volved in adoption, assuming no major changes in department leadership
or key players. Before running the trial, the intervention and evaluation

et al. (2019) computes the benefit-cost ratio for four interventions that scaled but does not
compare the effect size across RCTs, and Wang and Yang (2022) documents that the city-
level impacts of the innovations are likely biased by site selection and politicians’ extra ef-
forts and thus should not be interpreted as RCT effect sizes.
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design as well as the related hypotheses are recorded. While the technical
assistance that covers the behavioral and evaluation design is free from
the perspective of the given department, the city bears any labor or mate-
rial cost related to actually implementing the intervention.
Following the RCT, the BIT NA staff analyze the results and produce a

nontechnical report typically a few pages long that is shared with the city

FIG. 1.—Study design and sample restrictions.
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alongside a presentation to the relevant stakeholders, including city lead-
ership (e.g., an example in app. A; apps. A–G are available online). This,
as well as the ongoing collaboration for the purposes of RCT implemen-
tation, should ensure that the relevant players can understand and act on
the evidence. Indeed, even years after implementation, several of the staff
contacts in the cities reported remembering the results, and in 14 cases
out of 15 cases, they recalled them correctly.

3. Sample of Trials

We select our sample similarly to DellaVigna and Linos (2022), which an-
alyzed the average treatment effects of the RCTs run by BIT NA, as well as
by the Office of Evaluation Sciences (OES). As figure 1B shows, from the
universe of 93 trials conducted between 2015 and 2019 by BIT NA, we
remove 2 trials that are not RCTs in the field, 8 trials without a clear con-
trol group, 3 trials with monetary incentives, and 2 trials without a binary
primary outcome. Compared with the sample in DellaVigna and Linos
(2022), we exclude 8 trials run with partners other than US cities (char-
ities and cities in Canada and Africa), in order to focus on a more com-
parable set of policymakers. Finally, while contacting cities, we identified
and added 3 additional trials run by the same cities in collaboration with
BIT NA in subsequent years. This yields the final sample of 73 trials run
in collaboration with 67 city departments in 30 cities (given that BIT NA
often works with multiple departments within a city).
An important question that may impact adoption is how the trials and

cities are selected. While a full examination is beyond the scope of this
paper, we present two pieces of evidence. First, in table A.1 (tables A.1–
A.8 are available online), we compare the 73 trials in our sample to 27 tri-
als that BIT NA began with a partnering city and listed in their internal
records but abandoned before completing the RCT due to logistical or
bureaucratic obstacles. The cities in the two samples have similar features,
except in the median age of their residents. Second, we compare city de-
partments in the BIT NA sample to departments from cities with similar
population size in the same census region with respect to two measures
of bureaucratic effectiveness: the availability of forms online, as a proxy
for broader communication capacity, and the extent to which such forms
are updated over time, as detailed in appendix B. As figure A.2 shows, the
city departments in the BIT NA sample are comparable to other city de-
partments on these measures.

4. Impact of Nudges

DellaVigna and Linos (2022) estimate the average impact of nudges in
terms of percentage points on the policy outcome, relative to the control
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group. We reproduce the regression in column 1 of table A.2, and in col-
umn 2, we present the average for the city sample used in this paper. For
BIT NA trials, we estimate an impact of 1.9 percentage points (SE 5 0:6),
a 13% increase relative to the control group average outcome level of
15.1%. In figure 2, we present the trial-by-trial evidence for the BIT NA
sample, plotting the effect size for the most effective nudge arm against
the take-up of the targeted outcome in the control group. The figure also
denotes the adoption and the preexistence of the trials, two key aspects we
revisit later.

5. Features of Trials

In table 2, column 1, we describe the characteristics of the 73 trials, start-
ing with the effect size: 45% of the trials have at least one arm with a pos-
itive and statistically significant effect size, and 47% have at least one arm
with an effect size larger than 1 percentage point. Next, we consider or-
ganizational features of the city: whether the city has been certified by
What Works Cities, which uses a set of criteria to validate that a city is a
“data-driven, well-managed local government,” and whether the city con-
tact for the trial is still employed by the same city department. We also
measure the seniority of the city staff working on the trial (i.e., whether

FIG. 2.—Trial-by-trial treatment effect and control take-up. For trials with multiple treat-
ment arms, the figure shows the effect of the arm with the highest effect size.
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one of the city staff is the department director or chief) and whether the
partnering city department delivers the communication directly (e.g., a
codes enforcement department sends the notice for code violations), as
opposed to it collaborating with multiple departments (e.g., an innova-
tion team or a mayor’s office team).
We then categorize the experimental design: whether the communica-

tion was preexisting before the trial and the behavioralmechanisms used.
There are typically multiple mechanisms within a treatment, including
simplification with clear instructions and plain language (53% of trials);
personalizing the communication or using loss aversion to motivate action
(58% of trials); and exploiting social cues or norms (56% of trials).
Next, we consider the policy area. A typical “revenue and debt” trial

nudges people to pay fines after being delinquent on a utility payment,
while an example of a “registration and regulation” nudge asks busi-
ness owners to register their business online as opposed to in person. The
“workforce and education” category includes prompting police appli-
cants to show up for their in-person examination. One “benefits and pro-
grams” trial encourages households to apply for a homeowners tax de-
duction. A “community engagement” intervention motivates community
members to attend a town hall meeting, and a “health” intervention urges
people to take up a free annual physical exam. The most common cate-
gories are revenue and debt, registration and regulation, and workforce
and education.
Finally, the communication is delivered via a physical medium in the

majority of cases, physical letter (38%) or postcard (22%), as opposed to
via online or digital delivery.
Columns 2–7 characterize subsamples split by the median effect size

(cols. 2 and 3), by whether the original city collaborator has been re-
tained (cols. 4 and 5), and by whether the communication is preexisting
or new (cols. 6 and 7). There are some differences in the characteristics
of trials; for example, preexisting communications are more likely to be
physical letters and to feature simplification. These correlations high-
light the importance of controlling for these characteristics. In table A.3,
we expand this comparison to other city features, finding very limited ev-
idence of differences.

B. Adoption of Nudge Treatments

The BIT NA record for each trial, as comprehensive as it is, does not in-
clude whether the city adopted the nudge treatments in their communi-
cations following the RCTs.
We emailed each city department involved in the RCTs and followed

up with emails and occasionally phone calls. Collecting the full data
set took 1 year and an average of four interactions with each department

bottlenecks for evidence adoption 000
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(fig. A.3). In our conversations with the city staff, we first described the
past collaboration with BIT NA, provided the templates of the communi-
cations sent out in the trial, and asked whether the city was still sending
the communication. If so, we asked them to send us the current version.
If they were not sending the communication, we confirmed whether they
had sent the communication anytime after the trial, even if they were no
longer doing so (e.g., due to COVID). In addition, we asked whether the
communication had been used before the trial or was sent for the first
time in the trial itself (i.e., whether it was preexisting or new). We also
checked whether the city staff members who worked on the trial were still
employed by the city.We tooknotewhen they referenced the results of the
trial (which we did not reveal) and recorded any barriers to adoption that
they mentioned.
Ultimately, we were able to obtain responses about the adoption for all

73 RCTs. We define adoption as the case in which “one nudge treatment
arm has been used in communications from the city department after
the RCT.” Given that the nudge arm was never the status quo communi-
cation, adoption corresponds to a policy change. In the large majority of
cases, whether a nudge treatment arm was adopted was straightforward
to code. For the example in figure A.1, the most recent communication
(fig. A.1c) is clearly based on the nudge treatment letter (fig. A.1b) and
is thus a case of adoption. In other cases, the recent communication re-
sembles the communication in the control group or there is simply no
communication sent out in the years following the RCT; we code these
cases as instances of nonadoption. We validate our coding with a machine-
basedmeasure of similarity in content between the current version (when
available) versus the control and treatment forms in the RCT, as docu-
mented in appendix C.
In a small number of cases, documented in appendix D, the coding

of adoption is not obvious. Where there are multiple components to the
intervention, we define a case as adopted if at least 50% of the nudge com-
ponents prespecified in the BIT NA trial protocol are present in the post-
trial communication. We also count cases as adopted if the city is no longer
sending the communication in 2021 or 2022 (e.g., due to COVID) but had
used the nudge communication at some point after the RCT.

C. Other Forms of Adoption

While we focus on the adoption of the nudges for an objective criterion
of adoption linked to the RCTs, the city contacts occasionally noted that
the trials had motivated the city to (a) use nudges in other contexts, or
(b) run their own RCTs for other city communications or services. We
consider both as cases of “broad adoption”, as described in appendix E.
The former case occurs at the trial level when the city uses a communication
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that is distinct from, but inspired by, a nudge tested. For example, a city
department sent text reminders for show-cause hearings as part of a trial,
but did not continue these reminders; instead, the department now
sends similarly worded texts for citations. The latter case of broad adop-
tion occurs at the city level, when a city notes that they conducted addi-
tional RCTs after learning the process of experimentation from their col-
laboration with BIT NA. It does not include cases where a different city
implemented a communication, based on evidence from a city in our
sample.

D. Forecasts of Results

Forecast survey.—Along the lines of DellaVigna et al. (2019), we com-
pare the results to the predictions of forecasters, to capture the direc-
tion of updating. We posted on the Social Science Prediction Platform a
10-minute Qualtrics survey (reported in app. F) before the results were
posted publicly.
Specifically, after presenting the setting and the question, we asked for

(i) a prediction of the average rate of adoption for the 73 nudge RCTs;
(ii) an open-endedquestion onpossible reasons for nonadoption: “When
cities do not adopt the nudges from the trials, what do you think are the
main reasons?”; (iii) the prediction of how adoption would vary as a func-
tion of seven determinants, two about strength of evidence (one on ef-
fect size, one in statistical significance); three about city characteristics
(one about staff retention, one about state capacity, one about certifica-
tion as an evidence-based city); two about experimentation conditions
(one about nudge content and one about preexisting communication);
and (iv) a qualitative assessment of how the likely adoption of evidence
in this context would differ from the adoption of evidence in firms and
in RCTs run in low-income countries.
We obtain 118 responses, as detailed in table A.4, with 19 responses

from individuals affiliated with nudge units, 67 from researchers (univer-
sity faculty, postdocs, and graduate students), and 14 from government
workers, among others.

III. Framework

Tomotivate the analysis, consider a policymaker that collects evidence (a
signal) about the effectiveness of the nudge treatment, compared with a
control. The policymaker has a prior p0 ∼ N ðm0, j

2
0Þ about the relative ef-

fectiveness of the treatment; the mean prior m0 is positive if, for example,
the policymaker believes that the nudge wording is likely more effective.
The prior is likely to be more positive for experiments that were more
costly to run to justify running the experiment itself. While we do not
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model this preliminary stage of experimental design, we return to this ob-
servation when discussing the results.
The experimental results come in the form of a normal signal si ∼

N ðms,i, j
2
s,iÞ, where the variance depends on the statistical power of the ex-

periment i. Combining the prior with the signal, the policymaker has a
posterior p1,i about the effectiveness, with mean m1,i 5 ðj2

s,i=ðj
2
0 1 j2

s,iÞÞm01

ðj2
0=ðj

2
0 1 j2

s,iÞÞsi . The decision maker will adopt the innovation (Di 5 1)
in trial i if the expected utility is better than the alternative (Di 5 0). We
model this as

j2
s,i

j2
0 1 j2

s,i

m0 1
j2
0

j2
0 1 j2

s,i

si 1 bXi 2 gCi 1 εi ≥ 0:

We observe the signal si (the effect size for nudge i) and its variance (j2
s,i)

as implied by the statistical power.We also observe other characteristics Xi

of the treatment that may affect the adoption and, in particular, proxies
for the cost of implementing the nudge Ci, such as the organizational ca-
pacity of the city and the retention of staff members involved in the ex-
periment. At the same time, we do not observe the priors of the policy-
maker. Under the assumption of a logistic distribution for the error term, the
specification can be estimated as a logit. We also estimate a simple ordinary
least squares (OLS) model.
We estimate the model under the assumption that the parameters for

the prior, m0 and j2
0, are independent of trial i. In this model, some nudge

treatments with negative effect sizes could still be adopted both because
of the error term and if the policymakers have stronger positive priors.
Larger effect sizes should, however, increase the likelihood of adoption.3

Other determinants, Xi and Ci, will mediate the adoption.
More generally, though, the priors can vary across treatments in ways

the researcher cannot observe. In principle, this can reconcile any pattern
of results: a feature Xi may be correlated with adoption not because it has
a direct effect but because it is correlated with the unobservable priors.
We discuss below the plausibility of this confound.

IV. Results

A. Average Adoption

In figure 3, we display three plausible benchmarks for the rate of adop-
tion. As the first columns show, 78% of the trials have at least one nudge
arm with a positive effect size, and 45% of the trials have a nudge arm

3 The policymakers may also display non-Bayesian updating and be more responsive to
positive results (Vivalt and Coville 2023), leading to a higher impact of positive effect sizes
on adoption.
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with a positive and statistically significant increase. Compared with these
two benchmarks (which were shown in the survey), forecasters predict a
lower adoption rate, at 32%, with forecasters working in nudge units be-
ing slightly more optimistic, with a forecast of 37% (table A.4).
As the final column shows, the average rate of adoption is 27%, that is,

adoption in 20 out of 73 trials. The result is not statistically significantly
different from the average forecast, though it is significantly lower than
the initial two benchmarks.

B. Determinants of Adoption and Survey Predictions

The forecasters gave their open-endedopinions in the survey on thebottle-
necks for evidence adoption before the survey highlighted the specific
channels we focus on. As the word cloud in figure 4 shows, they stress
the potential importance of effect size (“small,” “lack,” and “effect”), or-
ganizational inertia (“inertia” and “status quo”), cost of implementation
(“cost” and “budget”), and the staff (“staff,” “people,” and “turnover”).
Thus, the survey respondents highlight some of the key channels we now
turn to.

FIG. 3.—Observed adoption rate in the sample comparedwith two counterfactual adoption
rules andwith the overall adoption rate forecasted by experts. The first counterfactual rule is
to adopt all trials that found a positive effect size, and the second is to adopt all trials that
found a positive and statistically significant effect size.
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C. Adoption: Evidence-Based Determinants

To the extent that the long-term expected impact of a communication
is monotonically related to the results in the RCTs, the rate of adoption
should be related to the effect size and statistical significance of the nudge
arms in the RCT, as implied by the framework.
In figure 5A, we split the RCTs into thirds by the percentage point

effect of the most effective nudge arm in each trial. The first three bars
show that, on average, the forecasters expect an adoption rate of just 13%
in the lowest third and of 49% in the top third. In reality, the adoption is
increasing in effect size—17% in the bottom third for effect size, 28% in
themiddle third, and 38% in the top third—but the impact is smaller than
forecasted and is not statistically significant at conventional levels. Consid-
ering the evidence in 10 bins in figure 5B, the responsiveness to effect size
is quite tentative.
It is possible, though, that cities are responding even more to statisti-

cal significance than to effect size. The two measures differ because the
arms are not equally powered (though they are generally well powered
compared with a typical academic paper on nudges, as documented by
DellaVigna and Linos [2022]). On average, forecasters expect a strong
response by statistical significance (fig. 5C). In reality, the rate of adop-
tion is nearly the same for results that are negative or zero (25%), posi-
tive but not statistically significant (25%), or positive and statistically sig-
nificant (30%). Thus, statistical significance does not seem to play a role
in adoption.

FIG. 4.—Word cloud based on the responses in the forecasting survey to the open-ended
question, “When cities do not adopt the nudges from the trials, what do you think are the
main reasons?” The size of the words is proportional to their frequency in the responses.
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A possible explanation for this lack of response is that BIT NA may
lean on factors other than evidence in their recommendations to cities
to either adopt or not adopt a treatment arm. As figure A.4 and table A.5
show, though, statistical significance is the major determinant of BIT NA’s
recommendations in the 28 trial reports (starting in mid-2017) that record
explicit recommendations for or against adoption.
We consider one final component: For RCTs withmultiple nudge treat-

ment arms, one of which is adopted, is the treatment with the highest
effect size adopted? Indeed, this is the case in five out of six such trials
(fig. 5D). Thus, when adoption takes place, effect size does play a key role.
The framework in section III suggests two explanations for this limited

response to effect size. First, the city officials may have strong priors and
are therefore only partially moved by the evidence. Second, other factors,

FIG. 5.—Adoption of nudges by effectiveness. Panels A and C show the forecasted (left
bars) and actual (right bars) adoption rates of trials conditional on twomeasures of effective-
ness: (a) effect size in percentage points and (b) statistical significance at the 95% level. In
panelA, trials are partitioned into thirds by their effect sizes. In panelC, trials are categorized
based on whether they found a zero or negative effect, a positive but insignificant effect, or
a positive and significant effect. Panel B is a bin scatter of the actual adoption rate of trials
across 10 bins for the treatment effect size. Panel D categorizes the actual adoption of trials
into cases when the city adopted the only treatment arm in the trial, adopted themost effec-
tive arm if there were multiple, or did not adopt the most effective arm.
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such as those related to the cost of implementing the treatments, predict
adoption. We turn to some of these factors next.

D. Adoption: Organizational Features

Some organizations may have more “organizational slack” or state capac-
ity to enact reforms (Besley and Persson 2009). Organizational features
that may drive or hinder adoption of evidence are size, wealth, and per-
sonnel (Naranjo-Gil 2009; Fernandez and Wise 2010; for a systematic re-
view, see de Vries, Bekkers, and Tummers 2015). In our framework, these
determinants could lower the costs of adoption.
Many studies also point to the impact of political constraints, external

pressures, or outside networks. In our setting, such factors are likely less
important since the innovations tested have been vetted for political, legal,
and communications feasibility.
We measure “state capacity” with two proxies, starting with city popu-

lation. As figure 6A shows, there is a moderate difference in adoption by
city size, with 22% adoption in the smaller cities and 32% adoption in the
larger cities. As a second proxy, we consider the certification from What
Works Cities described in section II.A. As figure 6B shows, there is a more
modest difference along this line, 24% versus 30%.
A different dimension is the personnel. We measure whether at least

one of the original city staff members who helped to design and imple-
ment the experiment is still working in the same city department at the
time of contact.4 If so, it is more likely that the city has an internal “cham-
pion” with the expertise and the institutional memory to continue the
nudge innovation.5 As figure 6C shows, there is a positive impact of this
staff retention, with adoption rates of 19% in cases when the original staff
left, versus 33% when they were retained, a difference barely short of sta-
tistical significance (p 5 :12).

E. Adoption: Experimental Design

Turning to the experimental design, we examine first whether policy-
makers have a preference for particular behavioral mechanisms. We dis-
tinguish between simplification, which seems uncontroversial, versus so-
cial comparisons or personal motivation, which can be seen as more

4 Most trials have only one (42% of trials) or two (34%) city staff members listed on the
trial protocol. In two trials, the staff member was still working for the city but in a different
department. We do not count these two trials as cases of staff retention, but including them
does not change the results.

5 The persistence of key staff may be endogenous to the RCTresults or to organizational
features, though we do not detect differences by staff retention (table 2, cols. 4 and 5).
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aggressive interventions. Figure 7A shows that forecasters, on average,
expect trials with simplification to be more often adopted than trials us-
ing other behavioral mechanisms. Indeed, the adoption rate is 33%of tri-
als adopted for simplification versus 19% for personal motivation and
24% for social cues (though the differences are not statistically significant
at conventional levels).
Next, we turn to a second aspect of the experimental design, whether

the communication in the trial was preexisting. To clarify, suppose that
in a trial, BIT NA and the city sent reminder letters for timely utility bill
payment. We label such letters “new communication” if the city had not
been sending such letters before the trial. We label them as “preexisting
communication” if the city had been sending the letters before the trial,
and the trial incorporated new nudge features in the treatment arms,
comparedwith the status quo control communication. As figure 7B shows,
in the 21 trials in which there was a preexisting communication and the
city tested variations using nudges, the adoption is 67% (14 out of 21).

FIG. 6.—Forecasted (left bars) and actual (right bars) adoption rates of trials conditional
on whether the collaborating city is below or above the median 2020 city population in the
sample (A), has been certified by What Works Cities as a “data-driven, well-managed local
government” (B), and has retained the original city collaborator on the trial in the same city
department (C).
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Conversely, in the 52 trials in which the communication was new, the
adoption rate is only 12% (6 out of 52).6

This 55 percentage point difference, which is highly statistically signif-
icant (p < :01), is five times larger than the expectation of forecasters
who predict only an 11 percentage point difference, on average. Govern-
ment workers, who may have more experience with such matters, are
more accurate than nudge unit staff or researchers, but their average
predicted difference of 22 percentage points is still less than half the ac-
tual impact (table A.4).
To appreciate how predictive this one variable is, we revisit figure 2,

which reports all the nudge treatment effects and labels whether the
nudges were adopted and whether the communication was preexisting
(diamond) versus new (circle). The large majority of adoptions are for
preexisting communication. Conversely, almost no new communication
is adopted, including two treatment effects of over 20 percentage points.

F. Adoption: Multivariate Evidence

So far, we have considered each determinant on its own, but there could
be a correlation between the different factors. What if, for example, the
impact of preexisting communication is partly due to different effect sizes
or different city features?

6 The new communication category includes both cases in which the nudge treatment
arm is compared with a control arm that also receives a (new) communication and cases in
which the nudge arm is compared with a no-communication group. As fig. A.5a shows, the
adoption rate is very low in both groups, and thus we pool them. There are also six trials in
which a new insert was sent in addition to a preexisting mailer. We discuss these cases in
app. G.

FIG. 7.—Forecasted (left bars) and actual (right bars) adoption rates of trials conditional
on whether the trial uses simplification, personal motivation, or social cues in the nudge in-
tervention (A) and tests a nudge in a new communication that the city had not sent prior to
the trial or in a preexisting communication that the city had already been sending (B).
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In table 3, we present the estimates from a linear probability model
predicting adoption, considering first only evidence-based determinants
(col. 1), only organizational features (col. 2), then only experimental de-
sign features (col. 3), and finally all three conditions together (col. 4).
There is essentially no predictive power from the measures of strength
of evidence (col. 1) and only some impact from city staff retention (0.13,
SE 5 0:08) and the other city features (col. 2). Focusing on the experi-
mental design (col. 3), we detect a modest impact of simplification, com-
pared with personal motivation and social cues (both of which are com-
pared to other mechanisms) and, most importantly, a very large and
statistically significant impact (t 5 4) of preexisting communication,
0.53 (SE 5 0:13). The high predictive power of this factor yields a 0.34 R2,
compared with 0.01 in column 1 or 0.03 in column 2.
Considering all the factors together (col. 4), the standard errors for

the various estimates do not generally increase and, in fact, decrease in
some cases. The key determinant remains the preexistence of communi-
cation, unaltered at 0.52 (SE 5 0:13), while noneof theother determinants
is statistically significant.
We then add city fixed effects (col. 5), controlling for any city-level fea-

tures and identifying adoptions only comparing across different trials
within a city.7 This extra set of controls does not meaningfully alter the
results.
In column 6, we include the most comprehensive set of controls:

(i) fixed effects for the policy areas (e.g., revenue collection vs. environ-
ment), proxying for different outcomes and city departments, (ii) the
level of take-up in the control group of the targeted policy outcome, which
could proxy for howmalleable the outcome is (e.g., a control group take-up
of 1% indicates a rare behavior that may be hard to affect), (iii) an indi-
cator for online (as opposed to in-print) communication, (iv) the num-
ber of years since the trial was conducted, to control earlier versus later
trials (e.g., from institutional learning in BIT NA) or the decay of adop-
tion over time, (v) whether the partnering city department is directly re-
sponsible for implementing the nudge, and (vi) the seniority of the city
staff partner. Some of these controls are motivated by evidence (table 2)
that the trials with new communication differ, for instance, in certain pol-
icy areas.
Adding all these controls raises the R 2 up to 0.79, while leaving the im-

pact of preexisting communication at 0.60 (SE 5 0:15). The additional
controls shift somewhat the impact of the treatment effect size (0.23,
SE 5 0:13).

7 In the sample, 11 cities have only one trial each, and 19 cities have at least two trials.
The coefficient on preexisting communication is identified by 10 cities with at least one
trial with preexisting communication and one without, covering 36 trials.
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For another sense of the magnitudes, figure A.6 computes the area un-
der the curve (AUC) that measures the accuracy of prediction. Using just
the evidence-based determinants (col. 1) yields an AUC of 0.58, and us-
ing all the determinants in column 4 except the indicator for preexis-
tence yields an AUC of 0.72. In comparison, using just one variable,
whether the communication was preexisting, yields a higher AUCof 0.78.
In column 7, we estimate the same specifications using a logit model,

leading toparallel results. Preexisting communication is estimated tohave
an impact on adoption of 291 log points (SE 5 67), that is, an increase of
over 1,000% over the baseline.
Model estimate.—In column 8, we present estimates for the model in

section III, including the controls from column 4. The prior m0 is slightly
positive at 0.40 (SE 5 1:09), with a fairly narrow standard deviation j0 5

0:23 (SE 5 0:08); as an implication, the model implies only a modest
weight on the signal, that is, the treatment effect, estimated at 0.13 for
themedian and 0.03 for the average RCT. This reproduces the flat respon-
siveness in adoption to the effectiveness, as shown in figure 5B. Themodel
also reproduces the finding that preexisting communication is the largest
predictor.8

Robustness.—We consider a series of robustness checks in table A.6:
(i) using robust standard errors (vs. clustering by city); (ii) dropping four
observations in which the current communication suggests adoption but
is not as straightforward as in the other cases (detailed in app. D); and
(iii) considering only the cases of adoption in which we received and ver-
ified the current template of the communication and dropping cases in
which the city just stated their adoption (though we did confirm with fol-
low-up questions). Across these specifications, we replicate the results.

G. Other Forms of Adoption

So far, we considered the adoption of the nudge treatment by the city de-
partment. However, there are other dimensions of adoption, such as an
RCT inspiring the city to use treatment wording for different purposes or
to collect more experimental evidence. We recorded such mentions of
broader adoption in our communications with the city department, as
detailed in section II.C, but we should caution that this analysis is explor-
atory, since we rely necessarily on self-reports of this form of adoption.
The broad adoption of evidence (table 4, col. 2) is more correlated

with effect size and is not positively predicted by preexisting communi-
cation, compared with the adoption of the specific nudge in the trial by
a city department (col. 1).

8 This is the interior solution. Since the effect size has little predictive power, the corner
solution with ĵ0 5 0, m̂0 5 22:6 (moving toward the logit estimates in col. 7) has a superior
log likelihood.
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V. Interpretation and Implications

A. Interpretations

The most important determinant of adoption is whether the communi-
cation is preexisting, while other determinants play more limited roles.
We discuss four potential explanations of this finding and related evidence
in support or against each explanation.

1. Cost of Materials

While preexisting communications already have a line in the budget, the
new communicationsmay not have such secured funding in the following
years. In figure 8A, we compare the impact of preexisting communication

TABLE 4
Comparison of Specific Nudge Adoption and Broad Adoption

Dependent Variable: Adoption
(0/1, OLS)

Nudge
Adoption

Broad
Adoption Difference

(1) (2) (3)

Max t ≥ 1.96 2.03 .26 2.28
(.08) (.11) (.15)

Maximum treatment effect
(10 percentage points) .10 2.13 .23

(.07) (.08) (.12)
City staff retained .07 .09 2.02

(.08) (.08) (.11)
Above-median city population .06 2.23 .28

(.08) (.13) (.16)
What Works Cities certified .14 .12 .02

(.11) (.10) (.17)
Communication preexisted .52 2.08 .61

(.13) (.09) (.18)
Mechanism:
Simplification and information .03 2.00 .03

(.10) (.08) (.14)
Personal motivation 2.12 .00 2.12

(.12) (.10) (.16)
Social cues 2.08 .14 2.22

(.08) (.10) (.15)
Constant .05 .07 2.02

(.15) (.12) (.20)
Average adoption rate .27 .22
Number of trials 73 73
Number of cities 30 30
R 2 .38 .23

Note.—Standard errors clustered by city are shown in parentheses. In col. 1, the
dependent variable is the same binary indicator from table 3 for whether the city
adopted the specific nudge in the trial. Column 1 replicates the baseline specifica-
tion of col. 4 in table 3. In col. 2, the dependent variable is a binary indicator for
whether the city broadly adopted a similar nudge or the method of experimenta-
tion in other contexts.
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FIG. 8.—Mechanisms behind the effect of preexistence. Panel A compares the adoption
rate of interventions in new versus preexisting communications separately for those deliv-
ered by a physical medium (e.g., letter or postcard) and those by a digital or onlinemedium
(e.g., email or text). Panel B shows the rates of adoptions of the treatment arm communica-
tion as well as the control arm communication for new and preexisting trials separately. For
preexisting trials, the control arm is typically the status quo communication that the city was
sending prior to the trial.



for online communications, which have near-zero marginal cost, and for
paper communications, which require financing the mailer. We find a
nearly identical effect size, suggesting that the cost of the materials is not
the primary reason for the key finding.

2. State Capacity

City departments with preexisting communications may have better state
capacity, which could explain why they were already sending communi-
cations and why they implement more nudge innovations. City-level vari-
ation in state capacity cannot explain the results, given that the estimates
are unaffected by controlling for city fixed effects (table 3, col. 5). Still,
there may be within-city variation in staff and decision-making capacity
across departments.
As a proxy for each department’s capacity for communication, we

measure the availability of online forms and communications on city de-
partment websites, such as business license forms and code enforcement
brochures. Conditional on availability, we also measure the rate at which
the forms and communications are updated over time, a proxy of willing-
ness to “experiment.” In figure A.2, we compare such variables in the
BIT NA city departments to the same departments in the non-BIT cities
closest in population size within the same census region. We find no dif-
ference, economically or statistically, in either variable. Thus, BIT NA de-
partments with preexisting communication do not appear to have spe-
cial state capacity, compared with similar departments. We do find some
evidence that the departments with preexisting communication are more
likely to post forms (though no more likely to change them), in both the
BIT NA cities and the matching ones. This suggests that some types of de-
partments tend to have more frequent communications, the explanation
for which we leave to future research.

3. Other Unobservables

Other unobservable variables, such as prior beliefs of the policymakers,
may be correlated with preexisting communication in a way that explains the
results. While prior beliefs likely explain the adoption of some nudge treat-
ments with negative effect sizes—for example, the wording is clearer than
the control wording—it seems implausible that they would explain the
impact of preexisting communications. For the new communications,
city staff priors likely were more positive to enable an experiment, given
the higher complexity relative to experiments set up on preexisting com-
munication. Further, controlling for additional features in columns 5
and 6 of table 3 slightly increases the estimated impact of preexisting
communication. Under the assumptions of Altonji, Elder, and Taber
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(2005)—that the unobservables are positively related to the observables—
this makes it less likely that unobservables are driving the key finding.

4. Organizational Inertia

Consider a two-step decision process with organizational costs to adop-
tion, C 5 C1 1 C2 in the model, where the first step is whether to send
any communication, and the second step is designing the content of
the communication. Setting up a new communication can have substan-
tial costs C1, while content changes conditional on communication have
a low cost C2.9

In cases with preexisting communication, there is infrastructure and
staffing to send the communication each year, so the first step is not a hur-
dle (C1 ≈ 0), and incorporating the most effective wording in the com-
munication is relatively straightforward, leading to high adoption. When
the communication was instead set up for the experiment, there is no
routine pathway to send it again (C1 is high), leading to low adoption.10

A first prediction of this model is that the low adoption in the new
communication trials should be due to inertia in the first step, not in the
choice of content. Indeed, figure 8B shows that for the RCTs with new
communication, the nonadoption is entirely due to nothing being sent
after the RCT.
A second prediction is that, when communications are sent post-RCT,

the content should be more responsive to evidence. Indeed, in cases
of nudge adoption for RCTs with multiple nudge arms, in five out of
six cases, the nudge with the largest effect size was adopted (fig. 5D). Fur-
ther, for the trials with preexisting communication, for which the first-
step hurdle is minimal, the adoption of evidence rises from 45% for non-
statistically significant results to 90% for statistically significant results
(fig. 9A), though the evidence is more muted for the response to effect
size (fig. 9B). Overall, the organizational hurdles in the first step appear
much more significant than in the second step of content formation. This
suggests that legal, communications, or political preferences over content
are not the main barrier to evidence adoption in this context.11

9 A third of forecasters mention factors related to inertia in the open-ended responses
(fig. 4). Even these forecasters do not anticipate the channel through which inertia oper-
ates, as on average they expect the same impact of preexisting communication as those
who do not mention inertia.

10 Inertia also explains the different findings for broad adoption, since whether the spe-
cific communication in the trial was preexisting has no bearing on the inertial barriers for
adoption in other contexts.

11 Figure A.5b partitions trials into thirds by effect size; the findings are similar. Fig-
ure A.7 provides interaction effects for staff retention and by a median split in the control
take-up, which may proxy for the difficulty of affecting an outcome variable. Preexisting
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B. Survey Evidence on Adoption

“Organizational inertia” is an umbrella term nesting distinct explana-
tions for nonadoption, each implying different potential interventions.
For example, would it be enough to remind cities to adopt the results for
new communications, or would additional staff be necessary? Is low pri-
oritization of the communication an issue?
To provide additional evidence, we ran a short survey of city officials in

two samples. First, we contacted cities that conducted the 31 trials that
did not result in adoption of the nudge communication despite a posi-
tive effect size (≥1 percentage point, or t > 1:96) and obtained responses
for 25 trials, for an 81% response rate.12 Second, we contacted city poli-
cymakers in other government innovation networks, yielding 45 addi-
tional responses. The survey asks on a Likert scale from 1 (not at all)
to 5 (extremely) how helpful each of seven channels (presented in ran-
dom order) would be for adopting a successful nudge in ongoing city
communication: (1) prioritization from key decision-makers, (2) timely
reminders, (3) logistics and technical support, (4) more staff full-time
equivalent (FTE) hours, (5) city staff receive training from external con-
sultants, (6) funding for the costs of communication, and (7) stronger
evidence of effectiveness. These channels are similar to those in other
surveys of policymakers (e.g., fig. A.1 in Toma and Bell 2024). We also

FIG. 9.—Preexistence- and evidence-based adoption. Panel A shows the adoption rates
conditional on finding an effect that is positive and significant for new and preexisting trials
separately. Panel B shows the bin scatter of adoption rates on bins of effect sizes for new and
preexisting trials separately.

communication remains the only reliable predictor of adoption, statistically and econom-
ically, across these splits.

12 As table A.7 documents, the six trials for which we could not obtain a response do not
differ on key dimensions. Given that the large majority of trials with nonadoption are for
the new communication case (22) vs. preexisting communication (3), we are not powered
to study the difference between the two types of trials and report the results for the pooled
sample.
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asked for open-ended feedback on supporting evidence for adoption in
cities.
Figure 10 shows the average ratings across the two samples. Prioriti-

zation from decision-makers is indicated as the key factor, followed by
human capital solutions such as outsourcing via logistical support, staff
training, and additional staffing, as well as funding for communication
costs. Demand for stronger evidence and the provision of reminders are
rated as less important. Figure A.8a reports the average response in each
sample, further splitting the second sample into city workers who self-
report that their city has made policy adoption choices based on evidence,
versus not. The patterns are similar across the three samples, with prior-
itization rated as the top factor throughout.
While these responses should be taken with the necessary caveats, we

identify some takeaways: (i) stronger evidence is not seen as a priority,
indicating that the bottlenecks are likely downstream of evidence collec-
tion; (ii) a light-touch intervention, a reminder, is not seen as sufficient;
and (iii) to overcome the organizational inertia of defaulting to the sta-
tus quo, respondents claim that decision-makers should prioritize the
adoption of evidence by assigning personnel and training resources to
this purpose. The open-text responses often touch on this last point, as
indicated also by the word cloud in figure A.8b. One respondent explains:
“Our evaluation work has been an ‘extra’ on top of employees doing their
regular jobs, so even if the employee sees value in it, if it’s not part of what
their manager expects them to do, it falls off their priority list. The only

FIG. 10.—Survey evidence on organizational inertia. The respondents in this survey are
(i) staff from BIT-trial cities where the nudge was not adopted though the effect size was ei-
ther positively significant (t > 1:96) or greater than 1 percentage point, with responses from
17 employees in 14 cities answering for 25 of the 31 trials that meet this criteria (81% re-
sponse rate), and (ii) 45 staff members from a broader sample of US cities with exposure
to evidence-based communications (e.g., chief innovation officers). We show 95% confi-
dence intervals with standard errors clustered by respondent.

000 journal of political economy



place I’ve seen evaluation done routinely, and findings applied, is in a
team where the manager sees value in evaluation and prioritizes it for
their team. They’ve encouraged their staff to take evaluation trainings
and included evaluation in project plans.”

C. Implications and Counterfactuals

Howmuch did the evidence collected from the RCT improve the targeted
policy outcome, and how much could it have improved it under other
counterfactuals?
We assume that the treatment effects of the RCTs would replicate in

subsequent years if the same treatments were adopted, and when no
nudge treatment is adopted, we assume an improvement of 0 percent-
age point. That is, for each trial i, we take the highest effect size b̂i

across treatment arms and compute the average actual “improvement”
as ð1=73Þo73

i51b̂i1fi is adoptedg. The first bar of figure 11 shows that across
all 73 trials, the evidence from the RCTs is predicted to have improved
policy outcomes by 0.89 percentage point based on actual adoptions, a
statistically significant improvement.
The second bar presents a counterfactual of how much the RCTs would

have improved outcomes had all the treatments with positive effect size

FIG. 11.—Average adopted treatment effect under (1) actual adoptions, (2) a counter-
factual rule of adopting all trials that found a positive effect, and (3) the forecasted adop-
tion rates predicted by experts within the three effect size bins from figure 5A. Specifically,
we assign all nonadopted trials an adopted treatment effect of 0 percentage points and as-
sign all adopted trials the same effect size as their most effective treatment arm. Then we
take the average of the adopted treatment effects across all trials. The average adopted
treatment effects under actual adoptions and the counterfactual rule are shown separately
for trials on new and preexisting communications. See section V.C for further details. We
show 95% confidence intervals.
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been adopted: 2.70 percentage points. This comparison highlights the
importance of bottlenecks to policy adoption: the achieved gains from
the RCTs of 0.89 percentage point are only one-third of the achievable
gains of 2.70 percentage points.
For the 52 trials with new communication, in comparison with the

achievable 2.48 percentage points under optimal adoption, the actual adop-
tion creates an improvement of only 0.32 percentage point, less than one-
tenth of the possible surplus. Conversely, for the 21 trials with preexisting
communication, the estimated policy improvements from actual adop-
tions is 2.31 percentage points, closer to the optimal counterfactual of
3.24 percentage points. Thus, for the cases in which organizational iner-
tia is more conducive to adoption, the evidence collected in the RCTs
largely translated into actual significant policy improvements.
A third benchmark is the effect size implied by the forecasts. Forecast-

ers predict the average adoption rate to be 13% for trials with effect sizes
in the lowest third and 49% for trials in the highest third. An average with
these weights implies a predicted improvement of 1.23 percentage point.
Thus, the forecasters are slightly optimistic.

VI. Generalizability of Results

How applicable are the lessons from this study? The adoption rate of
27% in our study is in the range of the (few) estimates in the literature
(table 1).
A separate question is whether organizational inertia also impacts the

adoption of evidence in other settings through the preexisting channel.
In line with our results, Kremer et al. (2019) find that USAID-funded
interventions that were distributed through preexisting platforms were
three times more likely to be adopted widely than those establishing new
distribution networks (see table 20 in their paper). They note, however,
that the preexisting channel in their context may be confounded with
lower costs.
The experiment in Hjort et al. (2021) provides further evidence. Bra-

zilian mayors attending a conference who were randomized into a treat-
ment group were invited to a session on taxpayer reminder letters. The
session presented evidence on the cost-effectiveness of a nudge interven-
tion and provided a template (fig. A.9) with three mechanisms: (1) a dead-
line, (2) the risk of fines and audits, and (3) social norms.
Between 15 and 24 months after the conference, the researchers con-

tacted the municipalities to ask whether the city sends any communica-
tion for taxpayer reminders. If so, they asked whether the communication
is a letter (e.g., as opposed to an email) and whether it includes each of
the three behavioral mechanisms. While the researchers did not ask cities
whether the communication was preexisting prior to the conference, they
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did contact municipalities in both the treatment group and the control
group.
Reanalyzing the data from Hjort et al. (2021), in figure 12, we com-

pare the treatment and control share of observations in a 2 � 2 matrix
for (i) whether the city is sending a reminder letter (L) and (ii) whether
the communication has all three nudge (N) mechanisms. A first bench-
mark model, aiming to mirror the specification in Hjort et al. (2021),
posits that the intervention effect is monotonic—that is, the info session
moves cities only toward, not away from, adopting either the letter or the
nudge as indicated by the arrows, with a uniform persuasion rate f. This
yields a system of three equations (given that the fourth cell is a linear
combination of the others):

P T
L50,N50  5 P C

L50,N50ð1 2 3f Þ,

P T
L51,N50  5 P C

L51,N50ð1 2 f Þ 1 P C
L50,N50f ,

P T
L50,N51  5 P C

L50,N51ð1 2 f Þ 1 P C
L50,N50f ,

where P
g

L,N is the rate in group g ∈ fT , Cg for treatment and control.

FIG. 12.—Hjort et al. (2021) policy adoption experiment: letter and nudge adoption in
treatment and control groups. In the experiment, the researchers invite Brazilian mayors
in the treatment group during a conference to a session providing evidence from research
on tax payment reminder letters. Themayors attending the sessionwere providedwith a tem-
plate for the letter highlighting three mechanisms: (1) the deadline, (2) the threat of audits
or fines, and (3) social norm language. Mayors in the control group were not invited to this
session. Some 15–24 months after the session, the researchers contacted the municipalities
of the Brazilian mayors and asked whether the city sends a reminder communication for tax
payments and, if so, whether (i) the communication is a physical letter and (ii) the language
mentions the deadline, the threat of audits or fines, and social cues. Using the data from this
policy adoption experiment, this figure shows the frequency in each cell, separately for the
treatment and control groups. The adoption of the nudge is defined as including all three
mechanisms in the communication.
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Column 1 of table 5 shows the results from a minimum-distance esti-
mation of this baseline model, accounting for the first-stage session at-
tendance of 37%. The baseline persuasion rate is positive and statistically
significant at 0.035 (SE 5 0:017).
We then enrich this baseline model to allow for a different persuasion

rate fpe for preexisting communication: the persuasive impactmay be larger
for cities that were already sending a letter (see fig. 12). Column 2 shows
that the estimated persuasion rate for the preexisting cases is indeedhigher
at 0.42 (SE 5 0:21)by anorder ofmagnitude, if fairly imprecise. InPanels B
and C, we reestimate the results for alternative definitions of the nudge
adoption, yielding similar qualitative patterns.13

TABLE 5
Hjort et al. (2021) Policy Adoption Experiment: Persuasion Rates

Persuasion Rates
(Treatment-on-Treated) (1) (2) (3) (4)

A. Nudge Adoption Definition: All Three Mechanisms

f .035 .030 2.010 2.012
(.017) (.018) (.025) (.029)

fpe (preexisting) .417 2.053
(.207) (.417)

fdiag (diagonal) .106 .111
(.037) (.064)

MSE 1.696 .517 .003 .000

B. Nudge Adoption Definition: ≥ 2 of 3 Mechanisms

f .050 .045 2.002 .026
(.023) (.022) (.028) (.059)

fpe (preexisting) 2.122 1.431
(.808) (1.890)

fdiag (diagonal) .131 .077
(.053) (.095)

MSE 2.062 .059 .196 .000

C. Nudge Adoption Definition: Social Cues

f .044 .036 2.016 .006
(.018) (.019) (.027) (.033)

fpe (preexisting) .724 .363
(.233) (.453)

fdiag (diagonal) .138 .093
(.041) (.068)

MSE 3.178 .239 .202 .000

Note.—Shown are the treatment-on-treated persuasion rates estimated from the model
in fig. 12. The three mechanisms mentioned in the template for the tax reminder letter
are the due date, the threat of audits or fines, and social norm language. MSE is the mean
squared error in the four moments for the treatment group. The MSE for 4 is zero since
the model is exactly identified. Standard errors from 1,000 bootstrap samples (resampled
at the municipal level) are shown in parentheses.

13 See table A.8a for the treatment and control group moments under these alternate
definitions for nudge adoption. Hjort et al. (2021) define policy adoption as sending
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An important caveat is that alternative models are possible, for exam-
ple, allowing a separate persuasion rate along the diagonal, fdiag, which also
fits well (col. 3). In a horse race between the two models (col. 4), which
persuasion rate plays a larger role depends on the definition of nudge
(panel A vs. panels B and C). Ultimately, while we cannot conclusively
prove a larger adoption impact for preexisting communication in Hjort
et al. (2021), this strikes us as a reasonable interpretation of the data.
The Hjort et al. (2021) data set also allows us to further investigate

whether the preexisting effect is confounded with the selection of cities.
The data include a rich set of characteristics of the mayor (e.g., educa-
tion, vote margin, term effects, and ideology) and the city (e.g., popula-
tion, college educated, poverty, inequality, income, and tax revenue). In
the control group, cities that are, or are not, sending a letter are not sig-
nificantly different in these observables (table A.8b), which alleviates se-
lection concerns.

VII. Discussion and Conclusion

Organizations from the World Bank to US federal agencies run experi-
ments to gather evidence on how to best achieve outcomes of public pol-
icy interest. In our context, US cities experimented by testing behavioral
science interventions in their communications with citizens to achieve
policy goals such as the timely payment of municipal taxes. But does the
gathering of evidence guarantee the improvement of the outcomes, or
are there bottlenecks to the adoption of evidence, even under such favor-
able conditions?
At least in our context, the bottlenecks are substantial: the innovations

from the RCTs yield only about one-third of their potential direct bene-
fits.14 This is because the rate of adoption is fairly low, 27%, and is only
modestly sensitive to the effectiveness of the intervention. As a conse-
quence, several high-return nudge innovations are not adopted by the
city in years subsequent to the experiment. Even organizations that value
and produce rigorous evidence are not immune to challenges in evidence
adoption.
To an extent, this is bad news for evidence-based policymaking. But

there is good news too: the barriers to adoption, in our context, do not
appear to be due to intractable problems such as political divisions or
funding challenges for the rollout but more “simply” due to organizational
inertia. When theRCTs take place in the context of ongoing communication

any taxpayer reminder communication (not just letters) with or without any of the three
nudge mechanisms.

14 We acknowledge that there are further benefits to policy RCTs not captured in our
estimates. For example, policy leaders note that they often look to RCTs in peer cities for
innovations.
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to residents—such as altering a yearly mailer about registering business
taxes—the adoption rate is high at 67% and, to an extent, more sensitive
to evidence. For such ongoing communications, there is a routine pro-
cess, and organizations incorporate the successful changes. For the new
communications that were not preexisting, instead, the adoption rate is very
low, at 12%. Following the experiment, inertia tilts the organizationback to
the previous status quo of noncommunication.
A first implication of these findings is that targeting such bottlenecks

should achieve a higher adoption rate post-RCT. Nudge units already
frame experimentation as an opportunity to test “what works” for the pur-
poses of scaling. Given that adoption still does not arise organically and
that leadership prioritization after the RCT is not guaranteed (as our sur-
vey suggests), heavier investments could be made to support the adoption
after a trial, in the same way that heavy investments have beenmade in the
past decade to increase the implementation of RCTs in government. More-
over, government agencies, in their initial choice of interventions to test,
could consider whether the infrastructure and sustained agency support
exists to scale up a particular treatment.
A second implication is that we should collect systematic evidence on

such bottlenecks and overall adoption and keep track of relevant vari-
ables, such as the preexistence of communication. A natural consequence
of having sparse evidence on adoption is that experts and practitioners
alike understand that barriers exist but are less able to predict the relative
importance of the barriers. Figure A.10a plots the average predictions of
the bottlenecks against the actual impact on adoption. The forecasters are
mostly directionally correct, but they are unable to discern the most im-
portant factor, to the point that the predictions are negatively correlated
to the actual determinants. Interestingly, this pattern is near identical for
both researchers and practitioners.
An important caveat is that the findings are, to an extent, specific to our

context. To have some sense on perceived bottlenecks in other contexts,
we asked respondents of the forecasting survey to compare our context to
A-B experiments in firms and to RCTs in low-income countries. The re-
spondents thought on average that evidence-based adoption would be
higher in firms, but that the development RCTs would be similar in terms
of adoption (fig. A.10b). Indeed, the impact of preexisting communication
appears to play a role in adoption also in Kremer et al. (2019) and Hjort
et al. (2021).
RegardingA-B experimentation in firms, we knowof no comprehensive

data set on adoption, beyond specific instances (e.g., Cho and Rust 2010;
List 2022). Profit motives make it less likely that researchers will be able to
access comprehensive records for a set of A-B experiments, comparedwith
the transparency with which BIT NA shared their records. Lacking such
evidence, we conjecture that bottlenecks are likely to be an issue even in
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firms with online platforms for experimentation, given that the adoption
post A-B testing requires an active decision. Only platforms that automati-
cally adopt the most successful arm, used in some companies, would re-
move the inertial barriers.
Finally, in other settings, the political barriers to adoption may be higher,

or the costs of rolling out an innovation at scale often will be larger than
the cost of sending a mailer. Given that those bottlenecks may be harder
to address, it is even more important to put systems in place to address the
organizational inertia. Good architecture design should apply to experi-
mentation as well.

Data Availability

The replication data and code are available at https://doi.org/10.7910
/DVN/XOCJOF (DellaVigna, Kim, and Linos 2023).
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