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In their book ‘Nudge: Improving Decisions About Health, Wealth and Hap-
piness’, Thaler and Sunstein argue that choice architectures are promising
public policy interventions. This research programme motivated the creation
of so-called ‘nudge units’ which aim to apply insights from behavioural sci-
ence to improve public policy. We take a close look at a meta-analysis of the
evidence gathered by two of the largest and most influential nudge units (/)
using statistical techniques to detect reporting biases. We find evidence sug-
gestive of selective reporting on the full dataset, although this pattern is not
robust in subgroup analyses. We therefore additionally evaluate the public
pre-analysis plans from the Office of Evaluation Sciences. We find that the
analysis plans and reporting usually lack sufficient detail to evaluate (uninten-
tional) reporting biases. Nevertheless, we identify several instances of excellent
practice. We additionally highlight several improvements that would enhance
the effectiveness of the pre-analysis plans and reports as a means to combat
reporting biases. We believe our findings and suggestions can further improve

the evidence base on which policy decisions are made.

Introduction

Nudging is one of the most widespread applications of behavioural science to public policy.
Nudge theory postulates that small changes in choice architecture substantially influence real-

world decision-making (2). Unlike most other forms of influence, nudges maintain freedom of



The UK Behavioral Insights Team (BIT), founded in 2010 and the oldest and largest be-
havioural insights team, has completed more than 1000 projects.” The BIT website lists 137
reports and 36 publications, usually produced in collaboration with government agencies. The
insights gained from these trials have considerable real-world benefits. In one trial, for example,
BIT used behavioural insights to design better tax reminder messages, leading to considerably
increased payments (4). BIT is a large multinational organization, which started within the UK
government but is now a social purpose organisation operating outside the government. In the
US, the Office of Evaluation Sciences (OES) was established by a Presidential Executive Or-
der in 2015 that aimed to rigorously test and incorporate behavioural insights into government
agencies. OES has completed over 90 impact evaluations affecting the lives of millions of cit-
izens.”. Compared with BIT, OES is a comparatively small team that operates within the US
government. Crucially, behavioural science units use randomized controlled trials (RCTs)—the
“gold standard of evaluation”. For example, BIT has completed more than 700 RCTs to date.
This adoption of RCTs has enhanced the evidence base for government policy. *

The nudge approach is not, however, without critics (5). Two main objections are: 1) evi-
dence for the effectiveness of nudges is weak (6—8); 2) nudge-based interventions may detract
from more systemic reforms (5). These criticisms culminated in a recent manifesto for applying
behavioural science (9), proposing a variety of reforms and calling for “increased self-scrutiny”.
Following these calls, we take a close look at the distribution of test statistics and safeguards
against biased reporting in nudge unit trials. We argue that nudge units can further enhance

their current practices with specific improvements in the transparency of their trial registration,



reporting, and data sharing.

*https://www.bi.team/about-us-2/who-we—are/

"https://oes.gsa.gov/work/

*For example the European Commission states about behavioural insights: “In practice, however, behavioural
insights mainly contribute to the impact assessment process. This process consists in gathering and analysing
evidence about the likely impacts of a planned policy.” https://knowledgedpolicy.ec.europa.eu/
behavioural-insights/about-behavioural-insights_en
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1 Exploring Potential Reporting Biases in Nudge Unit Trials
Using Bias Correction Techniques

DellaVigna and Linos (/) collected a large dataset of nudge unit interventions run by OES and
BIT North America (126 randomized control trials covering 23 million individuals) and com-
pared them to trials in academic journals to evaluate the shrinkage of effects when applied at
scale. The comparison showed that the average impact of nudges reported in academic journals
was larger (an average effect size of 8.7 percentage points), primarily due to selective publi-
cation and low statistical power. The nudge unit interventions were found to produce reliable,
“sizable and highly statistically significant” (p. 81) effects (average 1.4 percentage points).
Importantly, DellaVigna and Linos (/) assumed no selective reporting in the nudge unit inter-
ventions because they obtained access to the comprehensive record of trials.?

While the comprehensive record of trials protects from publication bias (when a complete
study is omitted), it does not necessarily protect from other forms of selective reporting. We
therefore apply statistical techniques to test for reporting biases in the nudge unit dataset.
DellaVigna and Linos (/) modelled the effect sizes as coming from two normal distributions. To
assess selective reporting via bias correction methods, we extended DellaVigna and Linos’s (/)
analysis by specifying meta-analytic models with and without selection bias with effects sam-
pled both from a single normal distribution and from multiple normal distributions. Selection
models, as we specify them here, include an assumption that null or backfire effects are sup-
pressed within the distribution of effects reported. Table 1 shows the relative weight given to

four different types of models: a normal random effects meta-analyvtic model (normal model).



ing (selection model), and a random effects meta-analytic mixture of two normal distributions
with publication bias adjustment for selective reporting (selection mixture). More details on
the specified models as well as an extension to three parameter mixtures, which shows simi-
lar results, are provided in the supplementary materials.¥ Table 1 indicates a split of posterior
probability between the normal models and the selection models.

Table 1: BIC weights (/0) for the meta-analytic model categories (averaged across selection

model types).

Normal models  Selection models
k=1 k=2 k=1 k=2

Complete data set 0.000 0.028 0.000 0.972
Community engagement 0.000  0.004 0.000 0.996
Health 0.036 0717 0.018 0.229

Registration and regulation compliance  0.425  0.348  0.093 0.135
Revenue collection and debt repayment  0.000  0.420  0.000 0.580
Take-up of benefits and programs 0.000 0.872 0.000 0.128

Note. k corresponds to the numbers of mixture components. The selection column averages across three different
selection models: one assuming selection based on the direction of effect sizes, one assuming selection on p = .10,
and one assuming selection on p = .05. We adjusted the prior probability to be equally split across sets of models

(i.e, these three models combined have the same prior probability as the model without selection) when calculating
the BIC weights.

Overall, we find that most of the weight is given to the models assuming selective reporting.
However, this pattern is not consistent in all subgroups: for ‘take-up of benefits and programs’
as well as ‘health’, more weight is given to models assuming no selective reporting. Only for
‘community engagement’ is there strong evidence for selective reporting. We therefore con-
clude that while the distribution of test statistics is suggestive, we do not have enough evidence

to make confident claims about whether selective reporting is present. We next directly com-



pared pre-analysis plans to publicly-available final reports. This enables us to identify instances
where pre-analysis plans may allow for selective reporting and provide corresponding recom-

mendations.

TWe present the two rather than the three-component mixtures in the main text as the three component mixtures
had singular fit warnings.



2 Pre-analysis Plans Leave Scope for Selective Reporting

Both the BIT and OES document their intended analyses in pre-analysis plans. This is laudable,
diminishes the scope for selective reporting, and enables evaluation of any deviations from such
plans (if they are shared publicly). However, previous research comparing trial protocols or
pre-registrations to corresponding published journal articles indicates that selective reporting is
still possible, even without selective publication (e.g., in economics: (/1); in medicine: (/2); in
psychology: (13)). Selective reporting practices include choosing which outcome variables to
report or emphasize and what covariates to include. These practices are usually unintentional -
it 1s easy for any researcher to convince themselves that the analysis with covariate A 1S *most
appropriate’ once knowing the outcome, without recognising the potential for bias in such a
decision (/4).

Below, we investigate whether the pre-analysis plans of trials run by nudge units allow
for selective reporting. We (a) evaluate how detailed the pre-analysis plans are and whether
they cover all relevant researcher degrees of freedom, and (b) compare pre-analysis plans to
published reports to assess selective reporting. While we were unable to obtain the pre-analysis
plans from BIT (in the UK or US), despite taking a variety of steps', OES trial protocols are
publicly available. We searched for the 50 most recent pre-analysis plans, as of August 2022,
and compared them to the final published reports. We did not analyse reports that did not include
pre-analysis plans or did not include results (for example, because OES could not obtain the

necessary data). We further skipped two trials that had conflicting registrations on OES and

'First, we contacted the head of US BIT, to ask for the protocols. Second, we tried to obtain the



ClinicalTrials.gov, leaving us with a final sample of 32 reports with corresponding pre-analysis
plans (see supplementary materials for details).

The open access publication of all OES’ pre-analysis plans is exemplary and represents best
practice. Such transparency enables appropriate evaluation of the reliability of the data obtained.
Before we proceed with our evaluation, it is important to acknowledge that the enabling of such
an evaluation is in itself a positive outcome of such practices.

Our evaluation demonstrates several additional examples of best practices in OES’ pre-
analysis plans. Some plans are detailed, including analysis scripts for later analyses (e.g.,
https://oes.gsa.gov/projects/soar/). Additionally, 30/32 final reports at least
detail the main outcome as described in the analysis plan, or otherwise disclose it transparently.
There is, however, large variability in the quality of the pre-analysis plans and several plans have
limitations. In particular, we find both pre-analysis plans and final reports are usually insuffi-
ciently detailed to determine whether any selective reporting has taken place. 28/32 pre-analysis
plans lack a sample size specification. This allows for “optional stopping”, where data is col-
lected until a statistically significant result is found - a practice that would inflate type 1 error
rates (/4). While OES often uses existing data, and therefore sample size justification may not
be applicable, we noted that often the nature of the existing data (e.g., which agency will supply
it or in which time period it will be collected) was not clear. Further, the data are generally
not publicly available. In many cases, this will be for sound legal reasons. However, making
anonymized data available wherever possible is good practice as it allows other researchers to

independently verify the claimed results and conduct additional robustness checks.



In 6/32 analysis plans, information about the covariate inclusion was lacking. This allows
for analytic flexibility, where covariate specifications can be explored until a statistically signif-

icant result is found - again a practice that may inflate type | error rates (/4). For example, one



analysis plan** determines demographic covariates to include in the regression for the main out-
come as follows: “The precise way these demographic variables are categorized and included in
the specification is not defined here.” While this plan also includes a robustness check without
covariate adjustment, the results of this check are not reported, and it is not possible to know
which covariates are included for the test included in the final report. Indeed, 14/22 reports that
pre-register robustness checks do not contain the outcomes of those checks and it is generally
difficult to identify which covariates were included when estimating reported effect sizes. Fi-
nally, in 13/29 cases whose pre-analysis plans specify secondary analyses, these are not in the

final reports.’

3 [Evidence Based Public Policy Needs to Increase Transparency

We find that the pre-analysis plans and final reports lack sufficient detail to evaluate whether
selective reporting has occurred, while statistical techniques provide suggestive (but not con-
clusive) evidence for reporting biases. We call for more transparency, so that the quality of the
work by nudge units can be independently evaluated by other researchers. Similar to recom-
mendations for pre-analysis plans and transparency in academia (where similar problems have
been identified; (/17), (/2), (1/3)), nudge units may increase transparency by taking several steps

(roughly ordered by ease of adoption):

1. Analysis plans should be shared publicly by all nudge units.* OES should be applauded

for already doing so.



either planned sample size or detailed information about the existing data set being used.
In our supplements we provide a recommendation for an updated OES analysis plan tem-
plate that includes a specific section for sample size and treatment of covariates. In some
cases, the dataset may not yet be shared with the nudge unit itself when the analysis plan
is created. In these cases, it may not be possible to specify covariates in advance, or
the anticipated covariates may be different from the ones available later. It is then im-
portant to be transparent about which covariates are included in the model and how they
deviate from the analysis plan. Further, sensitivity analyses will then help to understand

robustness to the covariate structure.

3. Write-ups of trial outcomes should be shared publicly and report the outcomes of all
statistical tests that were specified in the pre-analysis plans. In general, more detail about
the conducted analyses needs to be provided than is currently the case. If the main write-
ups are intended to be short and for non-experts, another document with all analyses that

were conducted should be shared (e.g., an R Markdown file).

4. The anonymised data and analysis code should be shared publicly. We are aware that
this may not be possible in many cases (e.g., when medical records are used); however,
currently virtually no data are shared. We therefore urge BIT and OES to make the
anonymized data available for at least some proportion of their trials, where this is legally

possible.

5. Independent audits by third parties should take place to compare the pre-analysis plans



against the reports. For example, behavioural insights teams could give small monetary
awards to anyone who detects a mismatch between a published pre-analysis plan and

corresponding report (similar to red team approaches that have been successfully applied



in academia). . Further, government agencies and other contractors should commission
an evaluation of the work, when commissioning BIT or OES to run a trial (e.g., the UK

Cabinet Office could fund PhD students to compare write-ups and pre-analysis plans).

There is great benefit in applying evidence-based behavioural science to public policy eval-
uated with randomised controlled trials and there are many examples of evidence from be-
havioural science positively affecting policy (/5). We also point out that OES has already taken
several steps to increase transparency that go beyond many other government agencies. The in-
clusion of publicly accessible pre-analysis plans by all nudge units is a further step towards gold
standards in behavioural science application. The evaluation we present is intended to motivate
further strides towards fully transparent, evaluable, high quality research. We are confident that

applied nudge units can embrace this challenge to the further benefit of society.
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