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Abstract — We present results from experiments run in collaboration
with the World Bank and Inter-American Development Bank on how
policy-makers, policy practitioners, and researchers update their beliefs in
response to results from academic studies. Initially, policy-makers both
believe development programs will have more positive results and are more
certain about it than policy practitioners and researchers, despite reporting less familiarity with the programs. When participants are presented
with the results of impact evaluations, we find evidence of asymmetric
updating on good news and insensitivity to confidence intervals across all
groups, but few differences between groups. We also observe a form of
overconfidence. Finally, we show that research findings affect a real-life
allocation decision.
∗

E-mail: eva.vivalt@utoronto.ca. We thank Sampada KC, Aguedo Solis Alonso, Marcos Pedreira
Bernardo, Alma Bezares Calderon, Marinella Capriati, Timothy Catlett, Mark Engelbert, Jose
Nicolas Rosas Garcia, Cesar Augusto Lopez, Huon Porteous, and Catalina Salas Santa for research
assistance. We also thank Oscar Mitnik, Sebastian Martinez, and Silvia Velez Caroco, for enabling
us to run the surveys. The findings, interpretations, and conclusions expressed in this paper are
entirely those of the authors. They do not necessarily represent the views of the World Bank and its
affiliated organizations, or those of the Executive Directors of the World Bank or the governments
they represent. AEARCTR-0001237.

1

1

Introduction

The last two decades have seen a transformation in the importance placed on both
internal and external validity in impact evaluation, with the motivation that decisions
need to be grounded in the most accurate evidence possible. Yet, in order for policies
to be influenced by evidence, three things must happen. First, there must be reliable evidence on which policy-makers can base their decisions. Second, policy-makers
need to be exposed to this information and accurately update their beliefs based on
the evidence. Finally, they must have the willingness and capability to act on the
evidence and their associated beliefs. The literature has mostly been aimed at the
crucial first step of closing evidence gaps and generating new evidence. Some research
also focuses on the last question - for example, considering how policy decisions are
influenced by political economy issues (Persson and Tabellini, 2002; Krueger, 1993).
In this paper, we focus on the intermediate step: how policy-makers and technical
advisors interpret new evidence. The objective is to improve our understanding of
the process through which evidence is translated into changes in policy by exploring
what is arguably the most understudied link in the chain.
We leverage a unique opportunity to run a set of experiments on three groups of
people involved in the generation and translation of research into policy decisions:
policy-makers, policy practitioners and researchers invited to World Bank (WB) and
Inter-American Development Bank (IDB) impact evaluation workshops. The workshops are each approximately one week long and designed as “matchmaking” events
between those involved in certain development programs and researchers to initiate future impact evaluations. Government officials are paired with researchers and tasked
with designing a prospective impact evaluation for their program over the course of
the week. Workshop participants include policy-makers (program officers in government agencies, monitoring and evaluation specialists within government agencies and
mid-level staff from line ministries), policy practitioners (World Bank or IDB operational staff, and other aid agency operational staff such as technical advisors at the
US Agency for International Development (USAID) or the United Kingdom’s Foreign, Commonwealth and Development Office (FCDO)), and a group of researchers,
both from academic institutions and international organizations who participate in
the workshop to support policy-makers and policy practitioners in designing their
prospective impact evaluations. We refer to the first two groups collectively as “pol-
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icy professionals”, although for most of the paper we consider them separately given
their different roles in the policy process.
Our focus on participants attending these impact evaluation workshops is intentional and covers many of the key actors involved in generating and translating
empirical research into policy decisions. How they interpret study results could influence different parts of the evidence-to-policy chain. Beyond producing evidence
through impact evaluation, researchers are often tasked with translating and communicating that evidence into “policy-friendly” advice. Policy practitioners developing
new donor-funded programs are typically required to justify their proposed programs
based on existing research. Finally, our sample of policy-makers focuses on those who
either have decision-making power over a particular program or who provide technical
advice. While higher-level policy-makers have more authority over policy decisions,
they typically do not have time to read academic papers themselves and may instead
rely on briefings from individuals like those in our sample, making it a particularly
relevant population to study. Workshop attendees are also demonstrably interested
in impact evaluation and “evidence-based policy” more generally. We supplement
the sample of workshop participants by running the experiment at the World Bank
and the IDB headquarters in Washington, D.C., and we also run the experiment on
Amazon’s Mechanical Turk (MTurk) for an additional sample.
We elicit full prior belief distributions of the effects of different programs by asking
participants to place probability weights on a range of different treatment effects. We
then show participants new evidence estimating the impacts of these programs and
elicit their full posterior belief distributions. In the process, we introduce two innovations: we randomly vary the point estimates and the confidence intervals attached to
the results they observe.1 This allows us to test for asymmetric optimism, variance
neglect, and overconfidence. Asymmetric optimism means that individuals place a
higher weight on good news over bad news, relative to their priors. This is also referred to as the “good news / bad news” effect (Eil and Rao, 2011). Variance neglect is
a novel bias closely related to extension neglect, in which individuals place less weight
on the precision of results than a Bayesian would. Further, given that we observe
how respondents update their full belief distributions, we are uniquely able to ob1

There are sufficiently many studies on one of the interventions of interest that we can do this
with real data in the first section of the experiment. In the second section of the experiment,
participants are asked to consider hypothetical data to expand the set of results provided.

3

serve how viewing the evidence affects uncertainty in their posterior beliefs (reflected
in the width of their posterior distribution) and test for overprecision, a form of overconfidence. We find that both policy professionals and researchers have a narrower
posterior belief distribution than a Bayesian would have when viewing results with
large confidence intervals. The implication is that when results are more uncertain,
policy-makers, policy practitioners and researchers are relatively more overconfident.
This is particularly unfortunate when most research results are under-powered and
hence may not be very precise (Ioannidis, Stanley and Doucouliagos, 2017).
There are five main takeaways from this experiment. First, policy-makers, policy
practitioners, and researchers have significantly different priors, both in terms of their
prior means as well as in the width of their prior distributions. Policy-makers tend
to have wider distributions with larger point estimates than policy practitioners and
researchers. Second, we find evidence of asymmetric updating and variance neglect,
as well as overconfidence when the data are imprecise. Third, when broken down
by profession, no subgroup appears to have robustly different biases, though in some
parametric analyses policy-makers show signs of greater asymmetric optimism and
more insensitivity to confidence intervals. Fourth, our experiment includes a real-life
allocation decision, and we show that evidence affects how people assign funds in this
real-life decision. Finally, we find that how one updates depends on the information
one is shown and how it is presented. This is important because it suggests that if
people are subject to some behavioural biases, there is a lever that can be used to
nudge them, e.g., towards Bayesian updating. In a follow-up experiment, we present
alternative confidence intervals - 99% confidence intervals rather than 95% confidence
intervals - and find that individuals are both willing-to-pay more for the results with
99% confidence intervals and update more like a Bayesian with them.
It can be challenging to find a setting to run experiments on policy-makers, and
while there is an extensive literature on belief updating in other fields, evidence about
policy-makers is sparse. Banuri et al. (2017) document that policy practitioners may
be subject to confirmation bias when interpreting data. Nellis et al. (2019) convene
development practitioners in DC to investigate how they learn from meta-analysis results as opposed to individual studies. Hjort et al. (2019) leverage a sample of mayors
to run two experiments, one considering the impact of providing information on the
efficacy of tax reminder letters, along with template letters, on implementation, and
the other looking at individuals’ willingness-to-pay for information. Our study is the
4

first to collect a full distribution of priors from policy-makers and observe how they
update these priors based on impact evaluation results. The benefit of gathering a
full distribution of priors is that we are able to examine issues like overconfidence,
which is important when all new evidence comes with some intrinsic uncertainty. Our
paper is also the first to be able to compare the prior distributions and updating process across an important cross-section of actors involved in the evidence-based policy
ecosystem - namely policy-makers, policy practitioners and researchers.2 Further, by
experimentally varying the point estimates and confidence intervals of the data provided, we add to the literature on the “good news / bad news” effect while being the
first to document insensitivity to confidence intervals.
The rest of the paper proceeds as follows. First, we discuss the biases that we
are studying. As others have done, we start from the premise that individuals are
Bayesian updating but with an error. In past literature, this has sometimes been
referred to as “quasi-Bayesian” updating (Camerer et al., 2003). We then describe
the sample and the experimental design. Finally, we present and discuss results, as
well as the results from a small follow-up experiment.

2

Model

To more precisely state the biases of interest, we begin by describing a model
of Bayesian updating, which we will then modify to introduce the behavioral biases
of interest. Suppose a policy-maker is deciding whether to implement a program.
The program’s effect if it were to be implemented in the policy-maker’s setting, θi , is
unknown ex ante. The policy-maker’s prior is that θi is normally distributed across
settings, allowing for heterogeneous treatment effects:
θi „ N pµ, τ 2 q

(1)

where µ is the grand mean and τ 2 is the inter-study variance.
The policy-maker has the opportunity to observe a signal about the effect of the
program, Yi with some normally distributed noise, i.e. Yi “ θi ` εi , εi „ N p0, σi2 q. Yi
can be thought of as a point estimate in study i and has variance τ 2 ` σi2 , which we
2

Banuri et al. (2017) and Nellis et al. (2019) more closely resemble our “policy practitioner”
sample, while Hjort et al. (2019) is more akin to our “policy-maker” sample.
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will write as vi2 .
A person who is Bayesian updating will update their estimate of µ according to:
µt “ µt´1 ` kpYi ´ µt´1 q

(2)

2
2
` vi2 q. In other words, µt is a weighted combination of µt´1
q{pvt´1
where k “ pvt´1
and the new information, Yi , gained in period t. They will also update their estimate
of the variance, so that:
v2 v2
vt2 “ 2 t´1 i 2
(3)
vt´1 ` vi

Similar equations could be written for the case of no heterogeneity in treatment
effects, in which case τ 2 “ 0 and vt2 “ σt2 . This can be thought of as the appropriate
model for when one is considering information from replications.
In our experiment, we focus on this latter case, framing the new information
as coming from replications. This is to avoid the estimation challenges posed by
estimating τ 2 ‰ 0. In particular, if we were to introduce heterogeneous treatment
effects, different people could build different mental models of how results depend on
study characteristics and we would not be able to separately estimate the particular
model they have in mind. To avoid this problem, even when we present information
from different settings that might be subject to heterogeneous treatment effects we
will not provide study details that could be used to build a more refined model; all
studies are either described as replications or are otherwise “exchangeable”.3
There are many ways in which individuals could deviate from Bayesian updating.
We focus on three: asymmetric optimism, variance neglect and overconfidence.

2.1

Asymmetric Optimism

Our definition of asymmetric optimism follows the literature and means updating
more on “good news” - information better than one’s priors - than “bad news” (Eil
and Rao, 2011). Several different kinds of asymmetric optimism with respect to good
news may exist. One hypothesis is that respondents are optimistic with respect to
point estimates, i.e. that they update more on point estimates higher than their
prior mean than they do on point estimates symmetrically lower than their prior
3

For more information on exchangeability, the interested reader is referred to Gelman et al.
(2013).
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mean. For example, supposing µt´1 =3, if we imagine that they alternatively receive
the signal Yi “ 1 or Yi “ 5, we might expect them to update more when they receive
the signal Yi “ 5. It is also possible that, seeing a point estimate with a confidence
interval, someone could believe that the true effect was closer to the upper bound
rather than the lower bound of the confidence interval. In this example, the person
would be optimistic with respect to confidence intervals. We distinguish between these
types of optimism because they have practical significance. Under the second type of
optimism, providing confidence intervals could actually worsen updating relative to
not providing confidence intervals.
To model optimism formally, we adapt Rabin and Schrag’s (1999) seminal paper
on confirmation bias, which models confirmation bias as the misperception of a signal.
In Rabin and Schrag’s model, a person can observe one of two possible signals, but
sometimes mistakes one signal for the other one. To expand this to a world in which
many signals could be perceived, we might say that people observing a signal Yi
perceived that they saw Yi ` γ for some γ ą 0. This would result in a calculated
k greater than the Bayesian k when presented with Yi ą µt´1 and conversely a
calculated k lower than the Bayesian k when presented with Yi ă µt´1 . If γ “ 0, the
policy-maker would be unbiased.

2.2

Variance Neglect

For variance neglect, we only require that respondents pay less attention to the
variance than they would if they were Bayesian updating. For example, consider
the case in which respondents view data with alternatively small or large confidence
intervals. If kSB (kLB ) represents the k that a Bayesian updater would have if receiving
a signal with small (large) confidence intervals, and kSV N (kLV N ) represents the k that
someone suffering from variance neglect would have upon receiving a signal with small
(large) confidence intervals, kSB ´ kLB ą kSV N ´ kLV N . Figure 1 illustrates.
Parameterizing this bias is straightforward: we say that individuals pay too little
2
attention to either vt´1
or vi2 when generating their estimate of µt , so that they update
with:
2
vt´1
(4)
k“ 2
vt´1 ` pvi2 ` λq
2
where λ reflects how much they underweight vi2 relative to vt´1
.
Variance neglect is closely related to, but distinct from, sample size neglect or,
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Figure 1: Bayesian Updating vs. Variance Neglect

In this figure, while we do not know exactly where k V N (dashed line) is in relation to k B (solid
line), we do know that its slope is less steep; in other words, for a given value of Yi and vt´1 ,
different values of vi result in values of k that are more similar to each other than the k of a
Bayesian updater.

more broadly, extension neglect. In particular, sampling variance depends not just on
the number of observations, but also on the standard deviation, and variance neglect
could also apply to inter-study variation, though we do not test this latter possibility
in this paper.
Prospect theory also bears similarities to variance neglect (Kahneman and Tversky, 1979). Under prospect theory, people overweight small probabilities and underweight large probabilities. They also treat gains and losses differently. The
overweighting of small probabilities and underweighting of large probabilities should
change how respondents treat normally distributed data. Given any normal distribution, respondents should act as though the distribution had larger variance; they
should also act as though the distribution were skewed away from the side representing a loss. Prospect theory could result in variance neglect. However, there are other
potential causes of variance neglect, and later we will see that prospect theory alone
is inconsistent with some of our results. In particular, respondents do not always act
as though the distribution had larger variance, and this will depend on the width of
the confidence intervals they view, as in Figure 2.
Variance neglect is also related to the hot hand fallacy and the gambler’s fallacy,
nicely linked elsewhere (Rabin and Vayanos, 2010). Indeed, both the hot hand fallacy
and the gambler’s fallacy result in variance neglect. However, not all cases of variance
neglect stem from the hot hand fallacy or gambler’s fallacy. The situations in which
hot hand fallacy and gambler’s fallacy classically arise are also descriptively different
from the situation we are facing, in which policy-makers do not view correlated data
8

Figure 2: Prospect Theory vs. Variance Neglect

This figure shows how data with varying precision might be treated under prospect theory versus
under variance neglect. The left-most figure shows how someone might treat data under prospect
theory, putting more weight in the tails (where there is small probability mass). The middle figure
shows how someone might treat a precise estimate under variance neglect as more uncertain than
it is. The right-most figure shows how someone might treat a less precise estimate under variance
neglect as more precise than it is.

repeatedly but a few data points once.

2.3

Overconfidence

The key feature of overconfidence is the belief that one is more correct than one
actually is. To measure overconfidence, we measure whether posterior beliefs are
narrower than those of a Bayesian who had the same priors and faced the same new
information. This can be represented as:
vt2 “

2
pvi2 ` ηq
vt´1
2
vt´1
` pvi2 ` ηq

(5)

where η ă 0. When η “ 0, this is just Equation 3, the Bayesian case. η ą 0
would conversely represent underconfidence. This type of overconfidence is sometimes
termed overprecision (Moore and Healy, 2008).4
The next sections provide more information on our data and methods.

4

It should be noted that individuals may additionally have some Knightian uncertainty and be
more or less confident in their estimates with respect to this other type of uncertainty. Nonetheless,
we believe that the narrowness of respondents’ posteriors is a meaningful measure of respondents’
confidence in their beliefs. Indeed, we will see that the distribution of their prior beliefs is correlated
with their previous knowledge, a fact which is consistent with this argument.
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3

Sample

We conduct this experiment with individuals attending World Bank or IDB workshops. Data were collected at six World Bank workshops run by the Development
Impact Evaluation (DIME) research group. The workshops were conducted in Mexico City (March 2017), Lagos (May 2017), Washington, DC (May 2017, June 2017),
Lisbon (July 2017), and Dakar (January 2019). The experiment was also conducted
at two IDB workshops in Washington, DC in June, 2017, and May, 2018. Two other
World Bank workshops (Mexico City, 2016, and Nairobi, 2016) were used as pilots to
refine the survey questions and the prior/posterior elicitation mechanisms.
These conferences attract participants from around the globe. To accommodate
more participants, the survey was translated into Spanish, and respondents had to
be fully proficient in English or Spanish in order to participate. For the workshop in
Dakar, French was also used.
Individuals were surveyed by enumerators during breaks in the workshops. Of 526
eligible attendees at the non-pilot workshops, 162 (31%) completed the survey. The
main constraint was that the surveys could only be run during the typically twicedaily breaks in the workshops and during the lunch period. 5 Breaks were roughly
the duration of the survey, and lunch might span 2-3 times the length of the typical
break, depending on workshop timing. Thus, this response rate represents essentially
the maximum number of responses that could be gathered in the allotted time. We
may expect that those who managed to take the survey may have been particularly
interested in taking it or quick to approach the enumerators during a break, but we
have no reason to believe that this represents a substantially different population
than the universe of conference attendees. Response rates by workshop are detailed
in Table 1.
In addition to gathering data at these workshops, past workshop participants were
contacted by e-mail and asked to participate via video conference. The response rate
was much lower in the group contacted by e-mail; of 479 eligible past workshop attendees, 46 (10%) participated in the survey. Finally, participants were recruited at
5

During the pilots, individuals were allowed to take the survey by themselves on tablets we
provided. However, we changed approaches after the pilot in favor of one-on-one enumeration
to reduce noise due to participants’ lack of familiarity with operating the tablets and to increase
attentiveness. After making this change, we still had overwhelming interest in the survey among
attendees but, being limited to the breaks in the workshops, only managed to survey an average of
23 participants per workshop.
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the World Bank’s headquarters and at the IDB’s headquarters in Washington, D.C.
A table was set up by the cafeteria and passers-by were able to take the survey with
a trained enumerator. 125 responses were collected at the World Bank and 27 at
the IDB over 24 days or 12 lunches, respectively;6 enumerators covered lunch at the
IDB but full or half-days at the World Bank. Summary statistics about the various
recruitment strategies and the breakdown of participants by category (policy-maker,
policy practitioner, researcher) are provided in Table 2.
The experiment was set up to elicit two sets of priors and posteriors, so that with
400 respondents we would expect 800 priors and 800 posteriors. However, some respondents did not complete the entire survey, so we only present results for those who
provided both a prior and a posterior for a given set of questions, resulting in 753
priors and posteriors from 378 respondents, or 94% of the total possible responses.
Table 1: Participants at Workshops
Eligible
Attendees

At
Workshop

PostWorkshop

Response
Rate

Mexico, March 2017
Nigeria, May 2017
Washington, DC, May 2017
Washington, DC, June 2017 (IDB)
Washington, DC, June 2017 (WB)
Portugal, July 2017
Washington, DC, May 2018 (IDB)
Senegal, January 2019

86
74
47
62
67
111
51
54

36
36
13
10
21
30
14
20

8
1
2
0
1
8
0
0

0.51
0.50
0.32
0.16
0.33
0.34
0.27
0.37

Total
Total (excluding IDB)

552
439

180
156

22
20

0.37
0.40

This table shows the number of people surveyed at each workshop and the total number of eligible
attendees. Both values restrict attention to those who could be classified as “policy-makers”,
“policy practitioners” or “researchers”. In addition, to be eligible to take the survey, one had to
have not taken it at a previous workshop (this was primarily a concern for DIME staff) and one
had to speak a survey language fluently (English or Spanish or, for Senegal, English, French or
Spanish). Two of the workshops were held by the IDB; all other workshops were held by the World
Bank.

6

Excluding three responses from support staff at the World Bank and two responses from support
staff at the IDB. These participants (IT staff, secretaries, lawyers) did not meet our inclusion criteria
but we could not bar them from participating.
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Table 2: Respondents by Recruitment Strategy
Workshops
Videoconference
Headquarters surveys
Total

Policy-makers
0.38
0.16
0.04
0.21

Policy Practitioners
0.31
0.29
0.56
0.40

Researchers
0.32
0.54
0.40
0.39

Total
180
68
152
400

This table shows the percent of respondents who could be classified as policy-makers, policy
practitioners and researchers by each recruitment strategy.

Finally, a set of responses was elicited on MTurk to explore whether the biases
observed in our study sample represent a more general phenomenon. Details are
provided in the Appendix.

4
4.1

Experimental Design
Structure of the Experiment

At the beginning of the survey, participants were asked to answer some basic
questions about their experience and familiarity with different programs. They were
shown a video describing how to use the sliders to assign probability weights to different outcomes and were walked through a simple example about predicting the
weather in order to be sure that they understood the exercise. At the end of this
section, participants were asked if they understood and were only allowed to participate further if they stated that they did (Figure C3). Only one participant stated
that they did not understand the instructions and was prohibited from continuing.
Respondents continued on to answer questions in which they were shown a random
selection of real-life data and asked to make a real-life allocation decision. They then
were asked questions using hypothetical data.
Figure 3 demonstrates the overall structure of the survey. Our results on how
evidence from impact evaluations affects decision-making will draw from Section C;
our results on asymmetric optimism, variance neglect and overconfidence will draw
on the results from Section B; and our results on how individuals update their beliefs
in response to different types of information will draw on the data generated by Section A. We will also present results from a supplemental experiment involving MTurk
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workers which further explores potential causes of variance neglect and how different
information can affect updating.7
Figure 3: Structure of the Survey

This figure shows the order of the sections in the survey.

4.2

Eliciting Prior and Posterior Beliefs

The basic experimental approach is simple: we elicit participants’ priors, randomly
show them new information, and then elicit posteriors.
To elicit priors, participants were shown a short description of an intervention
(example provided in Figure C1 in the Appendix) and asked what they thought
the effect of the program was on school enrollment rates in percentage points. We
then asked respondents to place weights on different possible effects the intervention
7

It is in principle possible for the different portions of the experiment to be used to provide evidence on questions targeted by other sections. For example, at present we are not using information
from the hypothetical data component to consider how policy professionals and researchers update
in response to being presented with different kinds of information, even though some participants
are randomly provided with confidence intervals and others only point estimates. At present, we
focus on each section’s intended use because each section of the experiment is best-suited to exploring one topic deeply. In the aforementioned example of considering how policy professionals and
researchers respond to different types of information, there is more variation in treatment arms in
the understanding checks component. However, other analyses are available upon request.
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could have had by having the enumerator drag slider bars next to different ranges
(Figure C2). This allowed us to elicit a full distribution for their prior belief of the
intervention’s impact.

4.3

Real-Life Data and Decisions

Respondents were told that they would be shown real data from impact evaluations and that they would help decide how a small amount of external funds would be
allocated - in particular, that one individual’s allocations would be randomly selected
and implemented.8 Participants were then shown real-life data from impact evaluations of cash transfer and school meal programs and asked to allocate funds between
these two interventions or to further research. Participants at some workshops were
asked to provide their priors and posteriors of the effect of these interventions on
school attendance before and after seeing the data and before determining their preferred allocations.9 The real-life data were taken from AidGrade’s data set of impact
evaluation results (2016). The point estimates and confidence intervals of the data
provided for the cash transfer program were randomized across participants, unbeknownst to the participants. All respondents received the same data for the school
meals program. To ensure point estimates and confidence intervals were the only
things that varied across treatments, and to ensure there was no deception, minimal
detail was provided about the programs. The point estimates and confidence intervals
of the different studies shown are reproduced in Table 3.
This approach allows us to see how much differences in treatment effects and
confidence intervals affect real-world allocations and, in turn, estimate how much
allocations could change if respondents were not biased or if they were to receive
information that could help them overcome their biases.

4.4

Asymmetric Optimism, Variance Neglect, and Overconfidence

At the conclusion of this section, respondents were told that they were moving on
to a new section of the survey and would not need to use any information that was
previously provided. In this new section, we asked participants to consider effects of
8
9

After the end of data collection, this lottery was implemented as described.
There was not enough time to include these questions at all workshops.
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Table 3: Real Data Shown
Cash Transfers
Intervention
Treatment 1
Treatment 2
Treatment 3
Treatment 4

Point
1
1
2
2

Estimates
and 4
and 4
and 5
and 5

School Meals

C.I. Widths
2
5
2
5

Point Estimates
3
3
3
3

C.I. Widths
4
4
4
4

This table shows the point estimates and confidence interval widths that respondents were shown.
Each participant saw the school meals result and one randomly-selected result for cash transfer
programs.

a hypothetical CCT and school meals program that had a more specific description
(Section D). The survey merely asked respondents to “suppose that” they were to
guess the effect of a particular program.10 In the set-up to these questions, respondents were informed that enrollment rates were currently at 90 percentage points,
so that respondents could reasonably expect the intervention to improve enrollment
rates by at most an additional 10 percentage points. We allowed participants to guess
negative values down to -5.
We elicited prior beliefs by allowing participants to place probability weights on
intervention impacts in bins as previously described. They were then randomized
into seeing one of several sets of hypothetical “new data”. The respondents were
asked to imagine that these data represented replications of studies on the same
program. Respondents were not informed that they were presented with randomlyselected results, and audio recordings from surveys where participants consented to
being recorded confirm that no individual questioned why they were shown those
results in a way that suggests they were aware of the randomization.
Participants were presented with hypothetical results from two studies that either
featured a positive or negative outlier relative to their stated prior (“good news” and
“bad news”) and that either provided no confidence intervals, small confidence intervals or large confidence intervals. The positive or negative outlier was randomly
selected but influenced by their stated prior (such that a positive outlier was always
2 percentage points above the prior mean, and vice versa for a negative outlier).
The confidence intervals that were provided were randomized independently from the
10

No deception was involved.
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prior. The “new data” are described in more detail in Table A1, using the example
of someone who previously reported they thought enrollment rates increased by 2
percentage points.11
All study estimates were presented as bar charts, as these represent a common
form in which results are displayed to policy-makers. Figure C4 provides an example.
The order in which the two data points were provided (left to right) was randomized.
The data were also described in the text. After viewing these data, participants were
again presented with a set of slider bars and asked to put weights on different effect
ranges, capturing their posteriors.
2
By eliciting participants’ µt´1 , σt´1
and µt in this manner, and given that we
experimentally provide them with Yi and σi2 , we can calculate k using µt “ µt´1 `
kpYi ´ µt´1 q. If we observe that k ` ą k ´ , where k ` represents the calculated k for
those receiving the positive outlier treatments and k ´ represents the calculated k for
those receiving the negative outlier treatments, that would be evidence of asymmetric
optimism. Using the notation of the model, we can estimate γ such that respondents
are Bayesian updating with the correct k based on the wrong signal.
We can also compare the responses of those who receive a signal with a small
confidence interval and those who receive a signal with a large confidence interval. If
we observe that Bk B {Bσi2 ą Bk{Bσi2 , where k B represents the k of a Bayesian updater,
that would be evidence of variance neglect. We can then estimate λ.
Finally, we can estimate overconfidence by considering another statistic: their
posterior variance, σt2 , a natural measure of uncertainty. We compare this measure
to what a Bayesian’s would be given the same priors and the same new information.
11

Since the different randomizations could result in confidence intervals stretching up to 5 above
or below the initial mean that respondents provided, we could only follow the above randomization
strategy for those who initially stated they expected treatment effects between 0 and 5 percentage
points (otherwise, confidence intervals would be cut off in the graphical representation). We believe
that this is a reasonable range, especially given that respondents knew that baseline enrollment rates
were 90 percentage points. Appendix Table A2 shows that 82.2% of responses indeed fell within this
range. To ensure the graphical representations were properly displayed, those who stated expected
values lower than 0 were shown the same data as those who stated expected values of 0, and those
who stated expected values higher than 5 were shown the same data as those who stated expected
values of 5. This poses a slight problem for tests of asymmetric optimism, since e.g. people who
stated expected values greater than 5 will tend to see new data lower than their priors. Since
the data are not symmetric, if we saw them updating less on these values, we would be unable to
attribute that to the values being lower than their priors - it could just be that the people who have
high initial priors are also less likely to shift their priors. For this reason, for tests of asymmetric
optimism we will restrict attention to those whose priors fell between 0 and 5. However, we still use
all data for tests of variance neglect.
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2
In particular, we elicit σt´1
and σt2 , we provide σi2 , so we can back out η.12 We can
additionally test whether η depends on whether they saw good news and the width
of the confidence interval associated with the new information.
Since the model depends on having normally distributed priors and data, in some
analyses we restrict attention to those who report normally distributed priors and
posteriors, on the assumption that if they have normally distributed priors and posteriors they would also have believed the data to be normally distributed.13 As will
be described, nearly 80% of the sample appeared to have normally distributed priors
and normally distributed posteriors. At the same time, k has an intuitive interpretation even if the priors or posteriors are not normal: it represents the extent to which
individuals weigh the new information relative to their priors. Thus, we will also
present some results for the full sample, regardless of their prior or posterior belief
distributions.

4.5

Information Treatments

If policy-makers are biased, are there ways of presenting information to help them
make better decisions? To further examine how the statistics provided may affect estimates, we provide respondents with one of several types of information (Section B).
These different types of information are provided in the context of an introductory
question that asks respondents to estimate temperature. Participants are randomized
into receiving point estimates without confidence intervals; point estimates with confidence intervals; point estimates with confidence intervals and the interquartile range;
and point estimates with confidence intervals, the interquartile range, and maximum
and minimum values. These treatments were constructed so that each subsequent
arm contains the same information as the previous arm plus some additional information; in other words, the treatments can be thought of as ordered, providing more
or less information about the same distribution. Figure C6 illustrates.

12

Recalling that in our setting of replications, vt2 “ σt2 .
It remains possible that some individuals had seemingly normally distributed priors and posteriors without believing the new information represented draws from a normal distribution.
13

17

4.6

Incentives

Policy-makers, policy practitioners and researchers were offered a token gift in the
workshops (chocolate or coffee costing approximately $5 USD) in exchange for their
time. In addition, participants were informed that at the end of the study, one response would be drawn at random and awarded an additional prize: a MacBook. We
did not further incentivize responses because we were concerned that policy-makers
might fear giving a “wrong” answer, so we did not want to increase the salience
of the possibility of answering “incorrectly” by offering incentives for “correct” answers. The same incentives were offered to participants at the World Bank and IDB
headquarters. For those interviews conducted over videoconference, a $15 Amazon
voucher was provided, again without further conditions, along with entry to the MacBook raffle. Enumerators were trained to encourage participants who feared giving
a wrong answer that we merely wanted to know what they thought given the information we provided. Despite the lack of formal incentives, respondents appeared to
take the survey seriously, with the median respondent spending 32 minutes on it.14
Respondents also appeared to provide consistent answers, as will be described in the
results section.15 The direct interaction with an enumerator may have contributed to
respondents putting effort into their actions.

5

Results

5.1

Descriptive Statistics: Priors and Posteriors

Figure 4 plots the distribution of prior means by subgroup in the policy-maker and
researcher sample; Figure 5 provides the distribution of individual-level prior standard
deviations for policy-makers and researchers.16 Notably, we can already discern several key differences between policy-makers, policy practitioners and researchers. First,
policy-makers had notably higher prior means than researchers (pă0.0001).17 Fur14

This excludes those who, in the data, appear to have taken more than an hour on the survey;
we assume these represent individuals who started to take the survey, ran out of time before the end
of the workshop break, and continued it in the next break in the workshop.
15
For example, those who provided narrower priors updated less on the new information.
16
Policy practitioners fall in between and are available upon request.
17
They also had higher prior means than policy practitioners (pă0.01), and policy practitioners
also had higher prior means than researchers (pă0.001).
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ther, policy-makers had significantly narrower priors than researchers (pă0.001).18
This difference in the width of prior beliefs is not a function of knowledge of the
interventions included in the experiment; while familiarity with the topics in the experiment was correlated with narrower priors, policy-makers reported significantly
less familiarity than researchers with the topics in question (pă0.0001).
What “should” the priors have been if they were accurate? The question is complicated by the fact that there is no exact real world match for the component using
hypothetical data. Nonetheless, we can turn to results from meta-analyses to consider
what a reasonable range of values might be. Vivalt (2020) describes a set of point estimates from 36 different studies of the effects of CCTs on enrollment rates, collected
in the process of meta-analysis. Some of these point estimates were used to construct
the real data component, but we can also consider the full range of estimates. The
set of 36 estimates had a mean of 4.9 and a standard deviation of 2.6 when restricting attention to the 0-10 percentage point range that is the most applicable to the
hypothetical data component.19 The full range of observed point estimates is plotted
against respondents’ prior means in Figure 4.20
Policy-makers’ priors were similarly distributed to the estimates in the CCT data
set. However, the standard deviation of the prior means across policy-makers is not
the same as the standard deviation that describes the narrowness of the average
policy-maker’s distribution of probability weights. The policy-makers may have been
right to collectively anticipate a broad range of possible effects while being individually overly sure of their own estimates.
Finally, we test for normality of prior distributions using a Kolmogorov-Smirnov
test. This test is typically conducted for continuous distributions, rather than for
data that fall in discrete bins, as in our case. However, the Kolmogorov-Smirnov
test can be applied to discrete data with modifications. It should also be noted that
Kolmogorov-Smirnov tests are not well-powered for distributions made up of a few
discrete bins, as we have. While 15 bins were available, most respondents’ estimates
fell into 5 or fewer bins. In 7.2% of cases, respondents put weight in only one or two
18

Policy practitioners had narrower priors than researchers as well (pă0.001). Policy-makers had
insignificantly narrower priors than policy practitioners.
19
As respondents were told that baseline enrollment rates were already at 90%.
20
We can’t provide similar comparisons for the effects of school meals programs on enrollment
rates given there are many fewer studies on this intervention-outcome combination. The same data
set has only three estimates for the effects of school meals programs on enrollment rates.
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Figure 4: Policy-makers Have Larger Priors

This figure plots the distribution of prior means against a distribution of effects from actual
studies. As respondents were told baseline rates were 90%, the closest comparison might be to
study estimates between 0 and 10. Few responses fall below 0, suggesting respondents are paying
attention and averse to giving negative estimates. Most fall between 0 and 5. Results for policy
practitioners are omitted for legibility; they fall between those of researchers and policy-makers
and are available upon request.

bins, and we can neither prove nor disprove that the priors are normally distributed.
Kolmogorov-Smirnov tests reject an additional 9.3% as non-normal.21
We will implicitly cover the posterior mean in discussing results. The posterior
distributions were mostly similar to the distributions of the priors: among those individuals who had priors spanning at least three bins and which could not be rejected
as normal by a Kolmogorov-Smirnov test, 1.4% had posterior distributions that fell in
1-2 bins and a further 4.6% of the posterior distributions were rejected as not normal
by a Kolmogorov-Smirnov test.
Overall, 79% of policy-makers, policy practitioners and researchers reported prior
and posterior distributions that were in three or more bins and consistent with be21

k could not be calculated for 11.8% of observations for the mechanical reason that the point
estimate that respondents were shown, which was based on the first mean value that they stated,
turned out to be exactly equal to the mean that we calculated from their putting weight in bins.
Remember that we asked respondents to first state an integer value and then put weight in bins to
make the weighting part of the exercise easier. We take these weights as the most accurate estimate
of their prior mean, though we use the integer values in a robustness check. It might seem unusual
for the new data to be exactly centered on the midpoint of their prior distribution, but this could
happen if a respondent gave a perfectly symmetric distribution.
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Figure 5: Policy-Makers Have Narrower Priors

This figure plots the distribution of σt´1 across respondents by profession. Results for policy
practitioners are omitted for legibility; they fall between those of researchers and policy-makers
and are available upon request.

ing normally distributed according to a Kolmogorov-Smirnov test. We will present
results both for those who pass or do not pass the Kolmogorov-Smirnov test in alternative specifications. In all cases, however, we will restrict attention to those who
place some probability weight in three or more bins. This is 1) so as to have greater
comparability between the specifications that depend on normality assumptions and
those that do not; 2) because we can more precisely estimate σ for these individuals;
and 3) because if someone put all their probability weight in one or two bins they
may be less likely to be putting effort into the experiment. Nonetheless, including
those who placed weight in only one or two bins does not qualitatively change results,
and results with these individuals included are available upon request.22

5.2

Descriptive Statistics: Distribution of k

Figure 6 plots histograms of the distribution of k among those with normally distributed priors and posteriors, illustrating a relatively large range, with clusters of
estimates around 0 and 1. Note that k should generally fall between 0 and 1, with
those who take the data mean as their posterior mean having k “ 1 and those who
22

A couple of results are made slightly more statistically significant when these individuals are
included.
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stick with their initial mean having k “ 0. Only 55% of estimates fall within this
range, which will be discussed more later.
To better understand the data, we break results down by stated familiarity with
the types of interventions discussed and we also include comparisons to responses
from MTurk workers, who reported less familiarity with the types of interventions
discussed. Figure 6 distinguishes between responses to a “knowledge” question asked
of all respondents: for each intervention, respondents were asked to specify whether
they had “never heard of it”, “heard of it but never heard of any studies on it”,
“heard of it and heard of some studies”, or “heard of it and very familiar with studies”. Those who reported greater familiarity with a type of intervention typically
updated less in response to new information, as expected. Similarly, the middle plot
in Figure 6 shows that MTurk workers updated more on the data than policy-makers,
policy practitioners or researchers. This makes intuitive sense given their lesser familiarity with the interventions. Policy-makers, who stated they were less familiar with
studies than policy practitioners or researchers, also had higher values of k. There
was an additional small cluster of researchers who appeared to update too much based
on the data.
Our primary focus was on calculating k from the distributions that respondents
provided. However, each time we asked for a prior or posterior, we also asked respondents to first provide their best guess of the effect of the program. We use these as
estimates of their µt´1 and µt in an alternative specification which produces similar
results.23

5.3

Tests for Biases

The wide dispersion of k values complicates testing for biases. Values of k within
the -0.5 to 1.5 range could simply reflect noise in using the slider bars. However, we
may think that values of k that are much smaller or larger suggest that individuals
are using a different updating heuristic or misinterpreting the exercise. For example,
k could be greater than 1 if respondents have in mind a certain prior based on older
information they hold, are surprised by the results they are shown, and infer there
is a time trend that explains the discrepancy between their older priors and the new
information they were shown. They may then expect that the effects captured in a
23

Results available upon request.
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Figure 6: Distribution of k

This figure plots values of k calculated from respondents’ reported µt´1 , µ1t , and the provided Yi
values. Values below -2 or above 3 are not included for legibility. The top plot distinguishes
between responses to a “knowledge” question asked of all respondents: for each intervention,
respondents were asked to specify whether they had “never heard of it”, “heard of it but never
heard of any studies on it”, “heard of it and heard of some studies”, or “heard of it and very
familiar with studies”. For visual clarity, the first
23two categories are collapsed into “Unfamiliar”
and the latter two into “Familiar”.

subsequent evaluation would also be subject to the same time trend. It is also possible
that some may be misinterpreting the exercise in other ways. We have limited information on the heuristics that respondents are using, based on descriptive responses
to questions about why they answered the way they did.24 As we cannot fully identify the reasons why some responses imply particularly large or small values of k, we
separate individuals into different groups: those with k in the expected 0 ď k ď 1
range; those with ´0.5 ď k ď 1.5, where large or small values could represent noise;
and the full sample. We will present results for each group.
Table 4 presents results for regressions of respondents’ calculated values of k on
whether they received the “good news” treatment. Robust standard errors are used,
clustering observations at the individual level. Receiving the good news treatment
significantly affected k for most specifications, whether or not we restrict attention to
those with normally-distributed priors and posteriors. The first and fourth column
present results of a logistic regression using the full sample, while the other columns
present OLS results restricting k to various ranges.
Interestingly, viewing more positive results may have also led respondents to hold
(individually) wider posteriors. Table A3 reports regressions of σt on the same indicator variable of the “good news” treatment, controlling for σt´1 . The posterior σt
appears larger when respondents viewed good news. This would be consistent with a
story in which when individuals are excited to receive good news, they have a higher
posterior mean but also more uncertainty.
Recall that to test for variance neglect, we need to consider what someone who
was Bayesian updating would do. Thus, in Table 5, we construct k B ´ k, where k B
is the value that k should have taken if respondents were Bayesian given their stated
priors and the Yi and σi2 they observed. The model implied that kSB ´kLB ą kSV N ´kLV N ;
we test this by regressing k B ´ k on whether the respondent saw large or small confidence intervals. In Table 5, we observe that kSB ´ kS is indeed sometimes greater
than kLB ´ kL , as predicted, though this estimate is noisier and often not significant.
All regressions are restricted to those with normally-distributed priors and posteriors
for the simple reason that we cannot calculate k B for those with non-normal priors
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In particular, after every question, respondents were asked to describe why they answered the
way they did, the enumerator summarized this response in a text box, and respondents were given
an opportunity to amend the summary. For a subset of responses, the full audio transcripts of this
exchange were also captured.
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Table 4: Tests of Asymmetric Optimism: Regressing k
Normally-distributed
Ipk ą 0.5q
Good News
Observations
k restrictions

Any distribution

k

Ipk ą 0.5q

k

(1)

(2)

(3)

(4)

(5)

(6)

2.107***
(0.42)

0.076
(0.06)

0.172***
(0.06)

2.053***
(0.39)

0.053
(0.05)

0.174***
(0.06)

429
-

229
0-1

287
-0.5-1.5

475
-

254
0-1

317
-0.5-1.5

This table reports the results of regressions of k on an indicator of whether the respondent received
“good news”, i.e. positive new data relative to their priors. Columns (1) - (3) report results using
the sample of policy-makers, policy practitioners and researchers with normally-distributed priors
and posteriors; Columns (4) - (6) report results using the sample of policy-makers, policy
practitioners and researchers regardless of their distributions of priors and posteriors. Columns (1)
and (4) present the results of a logistic regression of Ipk ą 0.5q on whether the respondent received
good news, using exponentiated coefficients; Columns (2) and (5) regress k on whether the
respondent received good news, restricting attention to only those observations for which
0 ď k ď 1; Columns (3) and (6) also regress k on whether the respondent received good news,
considering only those observations for which ´0.5 ď k ď 1.5. Only those who provided prior
means between 0-5 percentage points were included in the tests for asymmetric optimism, as we
were unable to show new data above or below higher or lower priors without going out of range of
what could be displayed. Including those outside of this range could introduce bias. Nonetheless,
results are comparable when those outside this range are included, and those results are available
upon request.
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and posteriors without additional assumptions.25
We also look at whether individuals are overconfident, and if so whether that overconfidence depends on the data they viewed. We naturally would expect participants
to update their value of σ differently depending on whether they see large or small
confidence intervals, but the question is whether they update closer to how a Bayesian
would update. We thus regress σtB ´σt on whether participants received good news or
saw large or small confidence intervals, where σt is the updated σ of each participant
and where σtB is the σt a Bayesian would have if facing the same new information
with the same priors.26 While we previously saw that receiving good news caused
individuals to have wider posteriors on average, this does not translate to a difference
in σtB ´ σt , perhaps due to the smaller sample size once we restrict attention to those
with normally-distributed priors and posteriors (Table A4). However, participants are
overconfident when they view large confidence intervals. In other words, participants
are more overconfident when they face the most uncertainty.

5.4

Heterogeneity by Profession

We consider heterogeneity by profession in Table 6. Depending on the specification, policy practitioners and researchers shift less towards the new data’s point
estimate than MTurk workers, while policy-makers behave similarly to MTurk workers. This would be consistent with a story in which researchers or policy practitioners
had more background knowledge or narrower priors (as they do in fact have), and it
does not require a difference in updating. Policy-makers, policy practitioners and researchers do not appear to experience significantly more or less asymmetric optimism
than MTurk workers, the subgroup left out. We also cannot reject that they were
equally insensitive to confidence intervals, as indicated by the regression coefficients
on the interaction of being a policy-maker, policy practitioner or researcher and large
confidence intervals in Columns (4)-(6).
Turning to examine the width of participants’ posteriors, MTurk workers were
25

Recall that in order to calculate k B we need to know individuals’ priors as well as what they
think the distribution of the new data is. For those with normally-distributed priors and posteriors,
it is reasonable to assume they also believe they face normally-distributed new data. While we could
calculate k B by simulation for those without normally-distributed priors or posteriors, it is less clear
what we would assume individuals believe about the distribution of the new data.
26
Again restricting attention to those with normally distributed priors and posteriors for the same
reason as we did for regressions involving k B .
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Table 5: Tests of Variance Neglect: Regressing k B ´ k
Ipk B ´ k ą 0q
(1)
Large C.I.
Observations
k restrictions

kB ´ k
(2)

(3)

1.342
(0.29)

-0.118**
(0.06)

-0.073
(0.06)

349
-

206
0-1

256
-0.5-1.5

This table reports the results of regressions of k B ´ k on an indicator of whether the respondent
saw large confidence intervals as opposed to small confidence intervals. Respondents can be
included regardless of their priors, unlike in testing for asymmetric optimism, but cases in which
respondents were randomized into seeing no confidence intervals are excluded. Columns (1) - (3)
report results using the policy-makers, policy practitioners and researchers sample. Column (1)
presents the results of a logistic regression of Ipk B ´ k ą 0q on whether the respondent saw a large
confidence interval as opposed to a small confidence interval, using exponentiated coefficients;
Column (2) regresses k B ´ k on whether the respondent received a large confidence interval as
opposed to a small confidence interval, restricting attention to only those observations for which
0 ď k ď 1; Column (3) also regresses k B ´ k on whether the respondent received a large confidence
interval or a small confidence interval, considering only those observations for which
´0.5 ď k ď 1.5. Again, cluster-robust standard errors are used. All results are on the sample of
those who have normally distributed priors and posteriors, as k B is calculated under that
assumption.
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more overconfident than policy-makers, policy practitioners and researchers, but
policy-makers, policy practitioners and researchers did not exhibit statistically significant differences in overconfidence from each other (Table 7). There were no significant
differences across subgroups in response to receiving good news or viewing large confidence intervals.

5.5

Estimating γ, λ and η

We can also obtain distributions of γ, λ and η across individuals and test whether
these distributions are different from 0. We find an average value of γ of 0.35, an
average value of λ of -4.03, and an average value of η of -55.1 in the policy-makers,
policy practitioners and researchers sample. γ is significantly different from 0 at
p ă 0.05 and λ is significantly different from 0 at p ă 0.05. If γ is positive, it indicates asymmetric optimism; if λ is negative, it indicates that participants update too
much in response to the new information, given its confidence interval; if η is negative,
it indicates overconfidence. While η is not statistically significantly different from 0
(i.e., we fail to reject that there is no overconfidence in this sample in general), this
is consistent with Table A4, which showed overconfidence only when large confidence
intervals were viewed. The estimate of η may also be particularly noisy.27
Policy-makers have significantly (p ă 0.05) larger values of γ (γ=0.74) than researchers, who in this analysis do not appear to suffer from asymmetric optimism
(γ=0.01). Policy-makers also have significantly (p ă 0.1) smaller values of λ (λ=11.22) than the pooled sample of policy practitioners and researchers (λ=-2.28),
though not compared to policy practitioners or researchers individually, perhaps due
to limited power. No group has significantly different values of η from any other
group.

5.6

Changes in Allocations

In this section, we present reduced-form estimates of the impact of seeing more
positive results data on allocations. In some workshops, we did not ask this part of
the survey due to time constraints, so we only have allocations from 308 individuals.
There are several reasons we may expect that information provided may not in27

It should be noted that these statistics are calculated with a numerator and denominator term,
and the parameter estimates are hence sensitive to small values in the denominator.
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Table 6: Heterogeneity by Profession
Ipk ą 0.5q
Good News
Policy-maker
Policy-maker *
Good News
Pol. Pract.
Pol. Pract *
Good News
Researcher
Researcher *
Good News
Large C.I.

k

Ipk ą 0.5q

(1)

(2)

(3)

1.766***
(0.23)
1.277
(0.43)
1.025
(0.52)
0.540***
(0.12)
1.217
(0.41)
0.811
(0.18)
1.271
(0.42)

0.091***
(0.03)
-0.033
(0.09)
-0.120
(0.15)
-0.163***
(0.05)
-0.030
(0.09)
-0.128**
(0.06)
0.027
(0.10)

0.118***
(0.04)
0.060
(0.09)
-0.027
(0.16)
-0.164***
(0.05)
0.017
(0.10)
-0.160***
(0.06)
0.114
(0.10)

Policy-maker *
Large C.I.
Pol. Pract *
Large C.I.
Researcher *
Large C.I.
Observations
k restrictions

1482
-

645
0-1

881
-0.5-1.5

k

(4)

(5)

(6)

0.935
(0.28)

0.103
(0.09)

0.064
(0.10)

1.291
(0.33)

0.088
(0.07)

0.053
(0.07)

1.068
0.29

0.097
(0.07)

0.013
(0.08)

0.770**
(0.10)
1.967
(0.89)
1.642
(0.60)
1.714
(0.62)

-0.121***
(0.03)
-0.071
(0.14)
0.036
(0.09)
-0.016
(0.11)

-0.156***
(0.04)
-0.067
(0.13)
0.121
(0.10)
0.103
(0.11)

1374
-

660
0-1

895
-0.5-1.5

This table considers heterogeneity by profession, including both the policy-maker, policy
practitioner and researcher sample and MTurk sample and interacting indicator variables for each
subgroup. Columns (1) and (4) present (alternatively) the results of a logistic regression of
Ipk ą 0.5q on whether the respondent received good news or a logistic regression of Ipk B ´ k ą 0q
on whether the respondent saw large confidence intervals, using exponentiated coefficients;
Columns (2) and (5) present results of regressions of k and k B ´ k, respectively, on whether the
respondent saw large confidence intervals, restricting attention to those observations for which
0 ď k ď 1; Columns (3) and (6) consider only those observations for which ´0.5 ď k ď 1.5. The
tests for asymmetric optimism and variance neglect were conducted on slightly different samples.
The tests of asymmetric optimism require respondents to have mean priors between 0 and 5, while
the tests for variance neglect require that respondents be randomized into seeing small or large
confidence intervals (as opposed to no confidence intervals). All regressions restrict attention to
those with normally-distributed priors and posteriors.
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Table 7: Heterogeneity by Profession in Updating of Variance
σtB ´ σt
(1)

(2)

(3)

(4)

(5)

(6)

σt´1

-0.303*** -0.400*** -0.367*** -0.353*** -0.382*** -0.402***
(0.04)
(0.06)
(0.06)
(0.04)
(0.06)
(0.05)
Good News
-0.015
0.021
0.004
(0.03)
(0.04)
(0.04)
Policy-maker
-0.064
-0.062
-0.053
-0.066*
-0.047
-0.066
(0.04)
(0.06)
(0.05)
(0.04)
(0.05)
(0.04)
Policy-maker *
-0.074
-0.092
-0.085
Good News
(0.06)
(0.08)
(0.07)
Pol. Pract.
-0.176*** -0.175*** -0.168*** -0.171*** -0.119** -0.170***
(0.04)
(0.05)
(0.04)
(0.04)
(0.05)
(0.05)
Pol. Pract. *
-0.037
-0.055
-0.078
Good News
(0.07)
(0.09)
(0.10)
Researcher
-0.115** -0.118** -0.113** -0.143***
-0.041
-0.086*
(0.05)
(0.06)
(0.05)
(0.04)
(0.05)
(0.05)
Researcher *
-0.094
-0.015
-0.069
Good News
(0.07)
(0.09)
(0.08)
Large C.I.
0.150*** 0.178*** 0.141***
(0.02)
(0.04)
(0.03)
Policy-maker *
-0.024
-0.040
-0.008
Large C.I.
(0.06)
(0.08)
(0.07)
Pol. Pract. *
-0.007
-0.075
-0.002
Large C.I.
(0.06)
(0.07)
(0.07)
Researcher *
-0.008
-0.099
-0.069
Large C.I.
(0.06)
(0.08)
(0.07)
Constant
0.023
0.121
0.084
-0.003
-0.004
0.044
(0.05)
(0.07)
(0.07)
(0.05)
(0.07)
(0.06)
Observations
k restrictions

998
-

447
0-1

603
-0.5-1.5

1373
-

660
0-1

895
-0.5-1.5

This table considers heterogeneity by profession, including both the policy-maker, policy
practitioner and researcher sample and MTurk sample and interacting indicator variables for each
subgroup. Column (1) presents the results of a regression of σtB ´ σt on whether the respondent
received good news; Column (2) does the same but restricts attention to those observations for
which 0 ď k ď 1; Column (3) expands this range to ´0.5 ď k ď 1.5. Similarly, Column (4) presents
the results of a regression of σtB ´ σt on whether the respondent saw large confidence intervals;
Column (5) does the same restricting attention to those observations with 0 ď k ď 1; Column (6)
expands this range to ´0.5 ď k ď 1.5. The regressions on whether respondents saw good news and
whether they saw large confidence intervals were conducted on slightly different samples. The tests
involving good news require respondents to have mean priors between 0 and 5, while the tests
30
involving confidence intervals require that respondents
be randomized into seeing small or large
confidence intervals (as opposed to no confidence intervals). All regressions restrict attention to
those with normally-distributed priors and posteriors.

fluence participants’ allocations. First, in our experiment participants only receive
information about a particular outcome variable, and they may care about different
outcomes. Second, they may not feel like they have sufficient information to materially change their beliefs.28
The average allocations to cash transfer programs, school meals programs and
further research, respectively, were 36.4%, 34.3% and 29.3%. Recall that in this part
of the survey, respondents randomly viewed a selection of real data on cash transfer
programs, with point estimates of 1 and 4 or point estimates of 2 and 5 and with
confidence intervals ranging 2 or 5 above and below those values. Viewing the larger
point estimates resulted in an increase in the amount allocated to cash transfers of
7.1 percentage points; viewing results with larger confidence intervals resulted in a
decrease in the amount allocated to cash transfers of 8.4 percentage points. Interestingly, when respondents saw large confidence intervals, they allocated 5.7 percentage
points more to further research. Seeing a large confidence interval did not temper the
response to large point estimates. Results are presented in Table 8.
It is instructive to consider how much allocations would change if respondents
were Bayesian updating. Recall that we estimated γ to be equal to 0.35 and λ to
be equal to -4.03 overall, or γ=0.74 and λ=-11.22 among policy-makers. If a policymaker suffering from optimism misperceived a signal that they thought a certain
option had a point estimate that was 0.74 higher than a Bayesian might think it to
be, the estimates in Table 8 would suggest they might allocate 5.3 percentage points
more than a Bayesian would to that option, or 14.5% more than the average allocation
to cash transfers of 36.4 percentage points. Similarly, Table 8 suggests respondents
dislike noisy data and would allocate 8.4 percentage points less to data with larger
confidence intervals, yet given that they also misinterpret the large confidence intervals as smaller than they actually are, they would allocate 17.2 percentage points less
to this intervention - nearly half as much - if they interpreted the confidence intervals
correctly. These back-of-the-envelope calculations rely on the specific functional form

28

As the section that asked participants to make allocations used real rather than hypothetical
data, no study details could be provided, lest they update on characteristics that varied between
studies, as previously explained. Updating based on study characteristics would be more realistic
but would prevent us from identifying the effect of observing more positive results. A companion
paper (Vivalt et al., 2021) examines how a similar sample values different studies based on their
characteristics, using a discrete choice experiment.
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Table 8: Regressions of Allocations on Evidence Shown
CCT Funding
(1)

(2)

Large Point
7.137***
Estimate
(1.95)
Large Confidence
-8.379***
Interval
(1.98)
Large Point
Estimate * Large C.I.
Observations

308

308

Research Funding
(3)

(4)

(5)

7.450*** 1.910
(2.68)
(2.48)
-8.291***
5.741**
(2.58)
(2.48)
-0.354
(3.78)
308

308

308

(6)
-0.347
(3.30)
3.132
(3.60)
4.435
(4.94)
308

This table reports the results of regressions of allocations to CCTs or to further research on
whether or not large or small point estimates were shown (a mean difference in the point estimates
of 1 percentage point), whether large or small confidence intervals were provided (“large”
confidence intervals extended 5 percentage points above or below the point estimate; “small”
confidence intervals extended 2 percentage points above or below the point estimate), and the
interaction of the two. We were unable to ask the allocation question at all workshops due to time
constraints, hence the smaller sample size. Robust standard errors are used.

and values considered so we do not want to lean too hard on them.29 Nonetheless,
they suggest the biases can have substantial effects.
Some of the biases, particularly variance neglect and overconfidence, could also
have a cumulative effect. In the extreme case, after repeated instances of overupdating based on initial noisy data, the policy-makers would have very narrow posterior
beliefs and be completely unresponsive to any future study results. This is particularly concerning when larger studies often follow more targeted pilots; by the time of
the larger studies, beliefs may be relatively fixed.
How would these biases affect allocations in equilibrium? We might imagine that
if owing to their biases a policy-maker wanted to allocate more to every program, they
would not have enough money to do so, and so we might imagine they would still
make the same allocations across programs that they would if they were Bayesian.
However, this ignores some important factors. First, policy-makers are unlikely to
receive information for many projects at the same time. For example, a policy-maker
29

Specifically, here we are converting the confidence intervals from Table 8 into variances and
generating a distaste per unit variance, multiplied by λ. But there is no reason to think the preference
for more precise estimates is linear in this way.
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could have priors about a default option and only observe a signal about one other
program that they are particularly excited about and want researched. If that signal is selected to be particularly positive, as sometimes occur (Allcott, 2015), that
would lead policy-makers to update even more towards their preferred option when
it may not actually be the best choice. Further, if some evaluations find larger point
estimates than others due to having been imprecisely estimated, the observed asymmetry in updating would bias policy towards these types of programs. Smaller, NGOimplemented pilot programs often have larger effects and scale-ups often fare worse
(Bold et al., 2018; Vivalt 2020); the biases we observe would nudge policy-makers
towards overoptimism and overconfidence in these small studies’ results. Separately,
errors in updating could lead policy-makers to not achieve their desired goals. For
example, if a government were aiming to reduce CO2 emissions by a certain percent
and were overoptimistic about the effects of programs to reduce it, they would not
hit their targets.

5.7

How Much Information Should We Provide?

The type of information that was provided affected belief updating. Table 9 shows
regression results from Section B in the survey. Policy-makers, policy practitioners
and researchers update more in response to more information, with the main difference being between seeing point estimates and/or confidence intervals as opposed to
seeing point estimates, confidence intervals, and the interquartile range, with or without maximum and minimum values. The significant results imply that some of the
previously observed biases may be mitigated by strategic provision of information.

5.8

Causes of Variance Neglect

So far, it is not clear what is driving the observed variance neglect. Respondents
could be misinterpreting confidence intervals, or they could be interpreting them correctly but not putting weight on them for other reasons (e.g. inattentiveness). To
shed light on this issue, we run a set of additional experiments with 600 participants
on MTurk.30 In the workshop setting, we could not conduct experiments that looked
like numerical exercises, but we can ask these types of questions of MTurk respon30

This sample is distinct from the main experiment’s MTurk sample, further described in the
appendix.
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Table 9: Impact of More Information
Ipk ą 0.5q
Point Estimate
Point Estimate and
Confidence Interval
Point Estimate,
Confidence Interval, IQR

k

(1)

(2)

(3)

0.446*
(0.19)
0.397**
(0.17)
0.793
(0.37)

-0.133***
(0.05)
-0.103*
(0.05)
-0.021
(0.04)

-0.091*
(0.05)
-0.093*
(0.05)
-0.019
(0.04)

388
-

314
0-1

373
-0.5-1.5

Observations
k restrictions

This table shows the impact of providing more information on k on the policy-makers,
practitioners and researchers sample. Each type of information is represented by an indicator
variable, with the category left out being shown point estimates, confidence intervals, the
interquartile range, and maximum and minimum values. Column (1) shows the results of a logistic
regression on Ipk ą 0.5q with exponentiated coefficients. Column (2) restricts attention to
0 ď k ď 1, and Column (3) restricts attention to ´0.5 ď k ď 1.5.

dents.
First, we check whether respondents still seem to exhibit variance neglect when
faced with incentivized questions in a value of information game. Respondents are
first asked to provide their full distribution of priors regarding the effect of a particular program on a particular outcome. Then they are given 100 tokens and asked their
willingness to pay for information from a replication, after which they can modify
their guess. Those who guess correctly within a range will win a bonus. Respondents
are asked their willingness to pay for results with various levels of precision, with the
understanding that after they provide all these estimates one of the estimates will
be selected and the tokens bid on that question taken from them. The more tokens
they bid to receive information, the more likely they would be to receive the information, the “cost” of the information being set at some threshold unknown to them.
Remaining tokens that are unspent are also worth a small bonus, so this exercise is
incentive-compatible.
We then compare respondents’ willingness to pay at each level of precision with a
Bayesian’s willingness to pay, given the same priors. We pre-specified that those who
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were unwilling to pay for any of the information sets would be excluded. We might
expect that for certain levels of precision, a Bayesian would be willing to pay more for
a study’s results than our respondents, but for other levels of precision, a Bayesian
would be willing to pay less for a study’s results than our respondents. In particular,
for someone exhibiting variance neglect, they should be willing to pay more than a
Bayesian for results with low degrees of precision and less than a Bayesian for results
of high degrees of precision.
We also ask respondents to provide their willingness-to-pay for two kinds of confidence intervals: 95% confidence intervals and the equivalent 99% confidence intervals
based on the same mean and standard error. While 99% confidence intervals are
rarely used, under variance neglect wide confidence intervals are treated as somewhat
smaller. It is therefore possible that at least for larger standard errors, 99% confidence
intervals may lead to updating that is closer to Bayesian than 95% confidence intervals
if it helps visually nudge respondents to think of the confidence intervals as particularly large.31 This also allows us to test whether respondents seem to understand the
difference between 95% and 99% confidence intervals by comparing willingness to pay
measures for each 95% confidence interval with their corresponding 99% confidence
interval. To guard against inattentiveness, we impose a requirement that respondents
must successfully pass at least 15 out of 16 attention checks.32
The theoretical willingness-to-pay that respondents should have had given their
priors if they were Bayesian and their observed willingness-to-pay for results with various confidence intervals is displayed in Figure A1. Consistent with variance neglect,
study participants are less responsive to differences in confidence interval widths than
someone with the same priors who was Bayesian updating would be; this figure nicely
mirrors Figure 1.
Interestingly, respondents were willing to pay more for results that provided a 99%
31

The opposite is true if the true result has small confidence intervals: presenting 95% confidence
intervals rather than 99% confidence intervals may help in this case.
32
This was pre-specified. The attention checks were as follows. First, some questions allowed
respondents to provide a lower bound that was higher than the upper bound they provided when
combining confidence intervals. Second, some questions allowed respondents to provide a lower
bound that was higher than the upper bound they provided when creating different confidence
intervals, given a 95% confidence interval. Third, some questions allowed respondents to provide
answers that were outside the range of possible values stated in the question. Finally, some questions
allowed respondents to provide larger confidence intervals than the 95% confidence interval when
being asked to provide smaller (e.g. 90%) confidence intervals. We count each instance of one of
these types of errors as a mistake.
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confidence interval than for results with the equivalent 95% confidence interval. For
example, a 95% confidence interval that is 2.12 percentage points wide is equivalent
to a 99% confidence interval that is 2.78 percentage points wide. Yet, the average
respondent was willing to pay 18.31 tokens for results with a 95% confidence interval
that was 2.12 percentage points wide and willing to pay 20.40 tokens for results with
a 99% confidence interval that was 2.78 percentage points wide. This statistically
significant discrepancy points to a fundamental misunderstanding of confidence intervals. For each 95% confidence interval, respondents were willing to pay more for
the equivalent 99% confidence interval (Table 10). Respondents also appeared to update more on results with 99% confidence intervals than results with equivalent 95%
confidence intervals (Appendix Table A5).

Table 10: Willingness-to-Pay for Equivalent 95% and 99% Confidence Intervals
95% Confidence Intervals
WTP

2.12

3.23

4.35

5.46

6.58

7.70

Bayesian
95% Interval
99% Interval

70.57
18.31
20.40

47.50
15.39
16.81

30.04
13.60
15.27

19.26
12.89
14.26

12.64
12.52
13.95

8.55
12.73
14.23

p-value

0.0001

0.0025

0.0001

0.0014

0.0007

0.0007

This table shows how the MTurk sample was willing to pay more for every 99% confidence interval
than the equivalent 95% confidence interval; the p-value is for a t-test of the difference between
willingness-to-pay for 95% and 99% intervals. The Bayesian willingness-to-pay figures are
statistically significantly different at pă0.001 for every confidence interval except those in Column
(5). Prices are in terms of number of tokens.

We also asked participants to answer a few other questions as part of the same
experiment. In particular, respondents were asked to combine two confidence intervals framed as coming from replications of the same study. No details were provided
about the studies, so as to focus attention on the confidence intervals, and in the
absence of other information this was purely a mathematical exercise. Close guesses
would be rewarded by a five cent bonus. The top part of Table A6 shows that when
combining relatively small confidence intervals respondents provided estimates that
were too large, while when combining relatively large confidence intervals respondents
provided estimates that were too small.
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In a final exercise, the MTurk respondents were provided with 95% confidence
intervals and asked to guess 90%, 75% and 50% confidence intervals. Again, no other
information was provided, to abstract from all issues except variance neglect, and a
five cent bonus was given for every question answered within a window of the correct
answer. When guessing relatively large confidence intervals like the 90% confidence
interval, respondents provided estimates that were too small, and when guessing relatively small confidence intervals they provided estimates that were too large (Table
A6). These findings are consistent with each other and with at least partial misinterpretation of confidence intervals. Despite being based on the subsample that passed
at least 15 of 16 attention checks, the results in Table A6 could also reflect inattentiveness. However, respondents are not wholly unresponsive to confidence intervals,
as their responses appear correlated with the correct answers - rather, they do not
place as much weight on confidence intervals as they should - and the results in Table
10 are not susceptible to this issue.
Overall, this experiment shows not only that variance neglect may be a quite general behavioral bias, but also that updating may be improved. Future work could
further explore how providing different information can improve estimates.

6

Conclusion

How policy-makers, policy practitioners and researchers update their beliefs is
important given their role in translating evidence into policy guidance. We find
evidence of asymmetric optimism and variance neglect, as well as overconfidence when
viewing imprecise estimates. No profession is robustly less affected by these biases,
though in some parametric analyses policy-makers exhibit more asymmetric optimism
and less sensitivity to confidence intervals than researchers and policy practitioners.
The insensitivity to confidence intervals and the over-updating and overconfidence
in response to imprecisely estimated results is particularly troubling given that most
studies in economics are under-powered (Ioannidis et al., 2017).
The different professions also exhibit large differences in priors. In particular,
policy-makers are more optimistic than policy practitioners, who are in turn more
optimistic than researchers, in terms of their prior means. Policy-makers also have
the narrowest priors, despite expressing less familiarity than policy practitioners or
researchers with the development programs that were the focus of the study. These
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narrow priors are consistent with past overprecision in updating on noisy data.
New information affected the allocation of real resources, suggesting that these
biases affect policy decisions. Our results imply that imprecisely estimated “good
news” may be particularly dangerous. This is concerning since this describes the
small pilot programs that are often run to inform policy (Bold et al., 2018; Vivalt,
2020).
What are the implications for how research findings are communicated? First,
research dissemination does matter and is of first-order importance if policy-makers’
beliefs converge to what is supported by the evidence over time. Second, researchers
should put effort into designing larger, better-powered studies to ensure consumers
of the evidence are not misled by noisy data. Third, we found that the amount of
information provided matters, with the provision of more detailed summary statistics
leading to increased updating. This implies that in cases in which one has to share
bad news, providing more information may help. Finally, in a follow-up experiment
with MTurk workers, we found evidence of individuals’ being willing to pay different
amounts for confidence intervals that were mathematically equivalent and updating
differently on these results as well. This suggests an intriguing possibility: that
strategic choice of unconventional confidence intervals (such as 90% or 99% confidence
intervals) may encourage better updating. We hope this work inspires new ideas as to
how research results might best be presented and disseminated to policy-makers, an
under-explored research area in which further innovation could have large benefits.
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For Online Publication: Appendices
A

Additional Figures and Tables
Figure A1: Willingness-to-Pay for Results with 95% Confidence Intervals

This table shows how the MTurk sample was insensitive to results with different 95% confidence
intervals, compared to a Bayesian. The thin shaded areas around the solid lines indicate the 95%
confidence interval. Prices are in terms of number of tokens.

Table A1: Example of Hypothetical Data
Positive outlier:

Negative outlier:

No CIs:
Small CIs:
Large CIs:

Two study results, one with a mean 1 percentage point below the
stated value and one with a mean 2 percentage points above the
stated value; in the example, they would see the means 1 and 4.
Two study results, one with a mean 2 percentage points below the
stated value and one with a mean 1 percentage point above the
stated value; in the example, they would see the means 0 and 3.
No confidence intervals are provided.
Confidence intervals are provided that extend 2 percentage points
above/below each disaggregated data point.
Confidence intervals are provided that extend 3 percentage points
above/below each disaggregated data point.

This description of the different types of evidence a participant could view is based on the
hypothetical case of someone who previously reported they thought enrollment rates increased by 2
percentage points.
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Table A2: Distribution of Prior Mean
Prior mean
-5
-4
-3
-2
-1
0
1
2
3
4
5
6
7
8
9
10
Total

PPR
Frequency Cumulative
percent
0
0
0
0
0
0
0
0
1
0.2
15
3.14
48
12.57
108
33.79
110
55.4
59
66.99
89
84.48
30
90.37
13
92.93
19
96.66
12
99.02
5
100
509

MTurk
Frequency Cumulative
percent
0
0
0
0
3
0.2
3
0.4
4
0.66
25
2.31
120
10.21
249
26.61
210
40.45
155
50.66
294
70.03
134
78.85
130
87.42
101
94.07
62
98.16
28
100
1,518

This table provides the distribution of prior means for the policy-makers, policy practitioners, and
researchers sample (PPR) as well as the MTurk sample, for those passing all the screenings and
tests. Notably, there are few responses below 0; most responses fall between 0 and 5. There is also
some evidence of rounding: one of the most popular prior means, for both the PPR sample and the
MTurk sample, is 5, with large weights also being placed on 2 and 3.
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Table A3: Regression of σt on Good News
σt
Normally-distributed

σt´1
Good News
Observations
k restrictions

Any distribution

(1)

(2)

(3)

(4)

(5)

(6)

0.771***
(0.05)
0.056*
(0.03)

0.781***
(0.05)
0.067
(0.04)

0.792***
(0.05)
0.080**
(0.04)

0.771***
(0.05)
0.090***
(0.03)

0.809***
(0.05)
0.092**
(0.05)

0.813***
(0.05)
0.094**
(0.04)

428
-

229
0-1

287
-0.5-1.5

474
-

254
0-1

317
-0.5-1.5

This table reports the results of regressions of σt on an indicator of whether the respondent received
“good news”, i.e. positive new data relative to their priors. Columns (1) - (3) report results using
the sample of policy-makers, policy practitioners and researchers with normally-distributed priors
and posteriors; Columns (4) - (6) report results using the sample of policy-makers, policy
practitioners and researchers regardless of their distributions of priors and posteriors. Columns (1)
and (4) present the results of a regression over all values of k; Columns (2) and (5) report results
when restricting attention to only those observations for which 0 ď k ď 1; Columns (3) and (6)
consider only those observations for which ´0.5 ď k ď 1.5. Only those who provided prior means
between 0-5 percentage points were included in these regressions, as we were unable to show new
data above or below higher or lower priors without going out of range of what could be displayed.
Including those outside of this range could introduce bias. Nonetheless, results are comparable
when those outside this range are included, and those results are available upon request.
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Table A4: Regressing σtB ´ σt on Good News and Large Confidence Intervals
σtB ´ σt
σt´1
Good News

(1)

(2)

(3)

(4)

(5)

(6)

-0.514***
(0.06)
-0.044
(0.04)

-0.509***
(0.06)
-0.001
(0.05)

-0.552***
(0.07)
-0.029
(0.04)

-0.532***
(0.05)

-0.514***
(0.05)

-0.572***
(0.06)

0.089**
(0.04)
0.056
(0.06)

0.112***
(0.04)
0.103*
(0.06)

206
0-1

256
-0.5-1.5

Large C.I.
Constant
Observations
k restrictions

0.106*
(0.05)

0.091
(0.05)

0.141**
(0.07)

0.138***
(0.03)
0.053
(0.05)

291
-

169
0-1

206
-0.5-1.5

348
-

This table reports the results of regressions of σtB ´ σt on an indicator of whether the respondent
saw good news or large confidence intervals on the policy-makers, policy practitioners and
researchers sample. The tests involving good news require respondents to have mean priors
between 0 and 5, while the tests for the impact of observing large confidence intervals require that
respondents be randomized into seeing small or large confidence intervals (as opposed to no
confidence intervals). Columns (1) and (4) present the results of a regression over all values of k;
Columns (2) and (5) report results when restricting attention to only those observations for which
0 ď k ď 1; Columns (3) and (6) considers only those observations for which ´0.5 ď k ď 1.5. Again,
cluster-robust standard errors are used.
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Table A5: Impact of Presenting Information Differently
µt
µt´1
99% C.I.s

(1)

(2)

(3)

0.168***
(0.04)
0.861***
(0.20)

0.167***
(0.04)

0.335*
(0.20)

0.170***
(0.04)
0.855***
(0.19)
0.320*
(0.19)

600

600

No Yi shown
Observations

600

This table shows the impact of randomly providing results with 99% confidence intervals rather
than the equivalent 95% confidence intervals, as well as the impact of providing confidence
intervals without a point estimate (Yi ), on the new estimate given pµt q. As estimates of µt were
generally low compared to the estimates a Bayesian would provide, a positive coefficient represents
a positive change in this exercise, though for other data these levers may be deleterious.

Table A6: Interpretation of Variance
Combining Confidence Intervals
Widths

Correct

Response

p-value

2
4
6

1.41
2.83
4.24

2.39
2.92
3.70

ă0.0001
0.33
ă0.0001

Calculating Confidence Intervals
Interval

Correct

Response

p-value

50%
75%
90%

2.10
3.58
5.12

2.55
2.91
3.03

ă0.0001
ă0.0001
ă0.0001

This table shows how the MTurk sample attempted to combine or calculate confidence intervals in
an incentivized task. Attention is restricted to those passing at least 15 of 16 attention checks.
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B

MTurk Sample Results

As described in the main text, we ran the main experiment on a supplemental
MTurk sample to understand how general the biases we observed were. We required
a HIT Approval Rate (%) for all Requesters’ HITs greater than or equal to 95 and
Number of HITs Approved greater than or equal to 50.33 1,600 responses were solicited. In contrast to the policy-makers, policy practitioners and researchers, who
were interviewed one-on-one, the MTurk workers took the survey unsupervised.
MTurk participants were offered $1.50 for the relatively long survey. We were
concerned that without incentivizing thoughtful responses, participants might not
put in the effort to understand and carefully answer the questions. However, not
incentivizing the responses would provide greater comparability with the results from
policy-makers, policy practitioners and researchers. Thus, we continued to not incentivize responses but chose to implement pre-specified screening questions to filter out
inattentive participants. These screening questions were described in a pre-analysis
plan posted on the Open Science Framework (OSF) and the study pre-registered at
the AEA RCT Registry.34 The screening questions are described in more detail in
the next section.
For the MTurk sample, if we could not calculate k for either of the two sets of
questions for which we tried to calculate it, we dropped the response and recruited a
new participant.35
As in the policy-makers, practitioners and researchers sample in the main text, it
may be helpful to consider how many priors and posteriors were normally distributed.
In 3.6% of cases, respondents put weight in only one or two bins, and we can neither
prove nor disprove that the priors are normally distributed. Kolmogorov-Smirnov
tests reject an additional 14.5% as non-normal.36 Among those individuals who had
priors spanning at least three bins and which could not be rejected as normal by
a Kolmogorov-Smirnov test, 2.8% had posterior distributions that fell in 1-2 bins
33

A HIT is a single MTurk task, e.g. a past exercise that they completed.
OSF repository:
https://osf.io/2da9p/, AEA registration id:
AEARCTR-0001237,
https://www.socialscienceregistry.org/trials/1237.
35
For the policy-makers, policy practitioners and researchers sample, incomplete surveys were not
discarded due to the relative difficulty of obtaining these responses.
36
As in the PPR sample, k could not be calculated for a small share (8.1%) of observations for
the mechanical reason that the point estimate that respondents were shown, which was based on
the first mean value that they stated, turned out to be exactly equal to the mean that we calculated
from their putting weight in bins.
34
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and a further 7.1% of the posterior distributions were rejected as not normal by a
Kolmogorov-Smirnov test.
Overall, 76% of the MTurk respondents reported prior and posterior distributions
that were in three or more bins and consistent with being normally distributed according to a Kolmogorov-Smirnov test. Only 44% of the MTurk estimates for k fall
between 0 and 1.
B.1

Screening Criteria

As described, MTurk responses were subject to screening. In particular, the first
question asked what respondents thought the likelihood was that it would rain tomorrow in their city. They were then asked: “Now suppose that the weather forecast says
there is a 50% chance it will rain tomorrow. Now what do you think is the likelihood
that it will rain tomorrow?” If their new estimate was outside of the range between
their initial answer and 50%, they were excluded, with an exception that will be described below. This rule excluded those whose responses implied k ă 0 (e.g. they
initially answer 10%, then update their answer to 0%, or if they initially answer 90%,
then update their answer to 100%) and those whose responses implied k ą 1 (e.g.
they initially believe the likelihood is 10%, then update their answer to 60%, or they
initially believe the likelihood is 90%, then update their answer to 40%). The second
screening question asked what respondents thought the average monthly temperature
would be in Paris this month. Again, they were provided with new information and
those who provided a second answer that implied k ă 0 or k ą 1 were excluded,
barring the exception described below. The third screening question presented them
with pre-populated sliders that put probability weights on low temperature ranges.
They were asked to modify these weights given the new information that two women
who were perfectly informed as to what the weather would be like decided to wear
shorts and a T-shirt; presumably, this would imply a higher temperature than the
low numbers provided. Anyone who modified the sliders so as to result in a still lower
mean temperature was excluded, barring the exception described below. Finally, we
also excluded anyone who failed to shift the pre-populated sliders in the third question to focus on those who put some effort into answering the questions.
The point of these questions was not to screen out people who suffer from gambler’s fallacy or hot hand fallacy or who updated in some other way so as to result in
implied values of k ă 0 or k ą 1. Rather, if an MTurk worker answered in this way
49

with regards to something as familiar as the weather, it seems likely that they were
simply not paying attention to the question. By repeating the same kind of screening
question three times, we can detect whether someone is consistently answering in a
way that would imply k ă 0, consistently answering in a way that would imply k ą 1,
or answering inconsistently across questions. Hence, we allowed one exception to the
above screening rules: if someone consistently updated in a way that would imply
k ă 0 through all screening questions or in a way that would imply k ą 1 through the
first and second question and not k ă 0 in the third question (as we cannot detect
if k ą 1 in the third question), we included them in the sample. In total, of 1,675
MTurk respondents37 , 1,183 passed the requirement to not update very differently
across several questions, i.e. to not answer as though k ą1 for some questions and
as though k ă0 for other questions. Of these, 1,029 met the other screening criteria.
Both the policy-makers, policy practitioners and researchers sample and the MTurk
sample were asked at the end of the introductory section if they understood how to
use and interpret the slider bars, and if anyone selected the response “No”, they were
excluded from the sample.
B.2

MTurk Results

The MTurk sample had very similar results to the policy-makers, practitioners and
researchers sample. Results for this sample are provided in Tables B1-B5. As in the
main sample, MTurk workers exhibited asymmetric optimism (Table B1), variance
neglect (Table B3), and overconfidence when faced with imprecise estimates (Table
B4). The MTurk sample also updated more when more information was provided
(Table B5).
We did not ask allocation questions of the MTurk sample, in the interest of time.

37

We accidentally gathered slightly more data than initially planned, as a few more people answered the survey than filled in a survey code on MTurk within the alloted time, such that the HIT
was not counted and was re-offered to other participants.
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Table B1: Tests of Asymmetric Optimism: Regressing k, MTurk Sample
Normally-distributed
Ipk ą 0.5q
Good News
Observations
k restrictions

Any distribution

k

Ipk ą 0.5q

k

(1)

(2)

(3)

(4)

(5)

(6)

1.766***
(0.23)

0.091***
(0.03)

0.118***
(0.04)

1.821***
(0.22)

0.089***
(0.03)

0.150***
(0.04)

1053
-

416
0-1

594
-0.5-1.5

1189
-

457
0-1

661
-0.5-1.5

This table reports the results of regressions of k on an indicator of whether the respondent received
“good news”, i.e. positive new data relative to their priors. Columns (1) - (3) report results using
the sample of MTurk workers with normally-distributed priors and posteriors; Columns (4) - (6)
report results using the sample of MTurk workers regardless of their distributions of priors and
posteriors. Columns (1) and (4) present the results of a logistic regression of Ipk ą 0.5q on whether
the respondent received good news, using exponentiated coefficients; Columns (2) and (5) regress k
on whether the respondent received good news, restricting attention to only those observations for
which 0 ď k ď 1; Columns (3) and (6) also regress k on whether the respondent received good
news, considering only those observations for which ´0.5 ď k ď 1.5. Only those who provided prior
means between 0-5 percentage points were included in the tests for asymmetric optimism, as we
were unable to show new data above or below higher or lower priors without going out of range of
what could be displayed. Including those outside of this range could introduce bias. Nonetheless,
results are broadly comparable when those outside this range are included, and those results are
available upon request.
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Table B2: Regression of σt on Good News , MTurk Sample
σt
Normally-distributed

σt´1
Good News
Observations
k restrictions

(1)

(2)

0.482***
(0.05)
0.013
(0.02)

0.558***
(0.09)
0.021
(0.04)

1053
-

416
0-1

(3)

Any distribution
(4)

(5)

(6)

0.555*** 0.579*** 0.670*** 0.667***
(0.07)
(0.05)
(0.07)
(0.06)
0.038
0.187*** 0.099* 0.137***
(0.03)
(0.04)
(0.05)
(0.04)
594
-0.5-1.5

1188
-

456
0-1

660
-0.5-1.5

This table reports the results of regressions of σt on an indicator of whether the respondent
received “good news”, i.e. positive new data relative to their priors. Columns (1) - (3) report
results using the sample of MTurk workers with normally-distributed priors and posteriors;
Columns (4) - (6) report results using the sample of MTurk workers regardless of their
distributions of priors and posteriors. Columns (1) and (4) present the results of a regression over
all values of k; Columns (2) and (5) report results when restricting attention to only those
observations for which 0 ď k ď 1; Columns (3) and (6) consider only those observations for which
´0.5 ď k ď 1.5. Only those who provided prior means between 0-5 percentage points were
included in these regressions, as we were unable to show new data above or below higher or lower
priors without going out of range of what could be displayed. Including those outside of this range
could introduce bias. Nonetheless, results are comparable when those outside this range are
included, and those results are available upon request.
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Table B3: Tests of Variance Neglect: Regressing k B ´ k, MTurk Sample
Ipk B ´ k ą 0q
(1)
Large C.I.
Observations
k restrictions

kB ´ k
(2)

(3)

0.770**
(0.10)

-0.121***
(0.03)

-0.156***
(0.04)

1025
-

454
0-1

639
-0.5-1.5

This table reports the results of regressions of k B ´ k on an indicator of whether the respondent
saw large confidence intervals as opposed to small confidence intervals. Respondents can be
included regardless of their priors, unlike in testing for asymmetric optimism, but cases in which
respondents were randomized into seeing no confidence intervals are excluded. Columns (1) - (3)
report results using the MTurk worker sample. Column (1) presents the results of a logistic
regression of Ipk B ´ k ą 0q on whether the respondent saw a large confidence interval as opposed
to a small confidence interval, using exponentiated coefficients; Column (2) regresses k B ´ k on
whether the respondent received a large confidence interval as opposed to a small confidence
interval, restricting attention to only those observations for which 0 ď k ď 1; Column (3) also
regresses k B ´ k on whether the respondent received a large confidence interval or a small
confidence interval, considering only those observations for which ´0.5 ď k ď 1.5. Again,
cluster-robust standard errors are used. All results are on the sample of those who have normally
distributed priors and posteriors, as k B is calculated under that assumption.
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Table B4: Regressing σtB ´ σt on Good News and Large Confidence Intervals, MTurk
Sample
σtB ´ σt
σt´1
Good News

(1)

(2)

(3)

(4)

(5)

(6)

-0.238***
(0.06)
-0.014
(0.03)

-0.344***
(0.09)
0.015
(0.04)

-0.295***
(0.08)
-0.004
(0.04)

-0.318***
(0.05)

-0.344***
(0.08)

-0.363***
(0.06)

0.177***
(0.04)
-0.050
(0.09)

0.138***
(0.03)
-0.004
(0.07)

454
0-1

639
-0.5-1.5

Large C.I.
Constant
Observations
k restrictions

-0.058
(0.07)

0.056
(0.11)

-0.003
(0.10)

0.147***
(0.02)
-0.046
(0.06)

707
-

278
0-1

397
-0.5-1.5

1025
-

This table reports the results of regressions of σtB ´ σt on an indicator of whether the respondent
saw good news or large confidence intervals on the MTurk sample. The tests involving good news
require respondents to have mean priors between 0 and 5, while the tests for the impact of
observing large confidence intervals require that respondents be randomized into seeing small or
large confidence intervals (as opposed to no confidence intervals). Columns (1) and (4) present the
results of a regression over all values of k; Columns (2) and (5) report results when restricting
attention to only those observations for which 0 ď k ď 1; Columns (3) and (6) considers only those
observations for which ´0.5 ď k ď 1.5. Again, cluster-robust standard errors are used. All
regressions restrict attention to those with normally-distributed priors and posteriors.
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Table B5: Impact of More Information, MTurk Sample
Ipk ą 0.5q
(1)
Point Estimate
Point Estimate and
Confidence Interval
Point Estimate,
Confidence Interval, IQR
Observations
k restrictions

0.662**
(0.12)
0.644**
(0.11)
0.978
(0.18)
1985
-

k
(2)

(3)

-0.096*** -0.065***
(0.02)
(0.03)
-0.097*** -0.067***
(0.03)
(0.02)
0.010
-0.020
(0.02)
(0.02)
1419
0-1

1830
-0.5-1.5

This table shows the impact of providing more information on k on the MTurk sample. Each type
of information is represented by an indicator variable, with the category left out being shown point
estimates, confidence intervals, the interquartile range, and maximum and minimum values.
Column (1) shows the results of a logistic regression on Ipk ą 0.5q with exponentiated coefficients.
Column (2) restricts attention to 0 ď k ď 1, and Column (3) restricts attention to ´0.5 ď k ď 1.5.
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C

Experimental Details
Figure C1: Sample Program Description

Respondents were provided with a short description of a conditional cash transfer program and a
school meals program, then asked to provide their best guess as to the effect of the program.

Figure C2: Assigning Likelihoods

Respondents were then asked to use slider bars to place weights on the probability of different
outcomes.
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Figure C3: Understanding Check

Respondents were walked through several examples of how they might distribute weights to
different bins. MTurk respondents were provided with the accompanying written text describing
each picture, while policy-makers were provided with this information orally. We ran experiments
showing different distributions in the video and understanding check (normal, uniform, and a mix
of normal and uniform) to mitigate concerns that these distributions biased later responses.
Results are available upon request.
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Figure C4: Sample New Data

Respondents were then randomly shown data and asked to provide another estimate.
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Figure C5: Assigning Likelihoods after Viewing New Data

Respondents were also asked to provide their posteriors using slider bars.

Figure C6: Types of Information Provided for Information Experiment

Four types of information were provided in the information experiment in the introductory section
of the survey: historical data was presented without confidence intervals, with confidence intervals,
with confidence intervals and the interquartile range, and with confidence intervals, the
interquartile range, and maximum and minimum values.
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Figure C7: Allocation Question

Respondents were asked to allocate funds between three options: cash transfer programs, school
meals programs, and further research.

Figure C8: Sample Screening Question

Several simple screening questions were used for the MTurk sample. After this question,
respondents were presented with data and then asked to provide another estimate.
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