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Abstract

Public support for policy interventions depends on citizens’ beliefs about their likely effects. We
examine how individuals form such beliefs by studying their predictions of experimental outcomes in
a policy-relevant setting, and why their predictions differ from expert benchmarks. We elicit forecasts
from 127 professional economists and a representative sample of 6,200 German households about a
large-scale behavioral experiment on education policy (N = 3, 133). Nonexperts predict both average
outcomes and treatment effects far less accurately than experts. Prediction accuracy improves with
calibrated priors, self-reported effort, and the use of structured reasoning, but remains well below
expert levels. We show that scalable design features, including the provision of well-calibrated
numerical anchors and monetary incentives to rise effort, improve non-expert predictions, with effects
comparable in magnitude to tertiary education or structured reasoning. Our findings have important
implications for bridging the ‘expertise gap’ in public discourse.
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1 Introduction

In recent years, economists have increasingly turned to forecasting—asking individ-
uals to predict the results of experiments—as a tool for improving research design,
benchmarking priors, and evaluating the credibility and external validity of empirical
findings (DellaVigna et al.,; 2019, 2020). Forecast elicitation is now central to exper-
imental economics, replication projects, and the study of how scientific knowledge is
produced and communicated (Camerer et al., 2016; DellaVigna and Pope, 2018). A
growing body of work shows that academic experts are often remarkably accurate in
forecasting treatment effects and behavioral responses. At the same time, persistent
and substantial gaps between the predictions of experts and those of non-experts have
been documented across a wide range of settings (DellaVigna and Pope, 2018; Chu
et al., 2024).

Understanding expert-lay differentials in prediction accuracy is important for both
economic science and policy. Many policy interventions rely on public support, which
in turn depends on citizens’ beliefs about their likely effects. When public percep-
tions systematically diverge from expert benchmarks, support for otherwise effective,
evidence-based measures may be weakened. Despite their importance, however, the
mechanisms generating prediction gaps between experts and non-experts remain poorly
understood. Do these gaps reflect immutable differences in knowledge and experience,
or do they arise from how beliefs are formed and elicited—and therefore admit scope
for improvement?

In this paper, we study the origins of divergences in forecasts between experts
and non-experts and explore whether predictive accuracy among non-experts can be
improved through elicitation design features. We conduct a pre-registered survey ex-
periment centered on public education spending, a highly salient and policy-relevant
domain in which individuals often hold strong intuitions but imperfect information.
Our approach combines two parallel surveys in Germany: one with 127 economics pro-
fessors (experts) and another with a nationally representative sample of roughly 6,200
adults (non-experts). Respondents in both surveys are asked to predict the outcomes
of a separate behavioral information experiment among the German adult population
(N = 3,133), which elicits preferences for education spending across three intervention
groups. Participants are either informed about actual per-student spending, given the
opportunity to acquire this information, or remain uninformed in a pure control group.

In our main prediction task, we ask experts and non-experts to forecast both base-



line support for increased education spending and the effects of experimental interven-
tions. To explore whether non-expert forecasts can be improved, we embed a prediction
elicitation experiment that introduces three features associated with expert prediction
into the non-expert environment: monetary incentives for accuracy, numerical anchor-
ing based on prior survey benchmarks, and prior experience with the decision context.
This design allows us to address three central questions. First, how large is the gap
in predictive accuracy between experts and non-experts, and how does accuracy vary
across tasks and within each group? Second, what cognitive strategies shape predic-
tion formation, and to what extent do differences in priors, reasoning strategies, and
engagement explain forecasting performance? Third, can simple, scalable interventions
reduce the expert—lay gap, and how do their effects compare to persistent heterogeneity
driven by socio-economic characteristics and reasoning strategies?

We report three main results. The first main result is that experts consistently
outperform non-experts in predicting both average support for increased education
spending and the effects of informational treatments. Experts’ forecasts closely align
with realized outcomes (65% vs. 77%), whereas non-experts substantially underpre-
dict baseline support (47%). Experts also more accurately anticipate treatment effects
across both the information provision and acquisition conditions. While non-experts
with higher educational attainment perform better, they remain significantly less accu-
rate than experts, suggesting that observable characteristics only partially mitigate the
expert—lay gap. Importantly, experts’ advantage is largely unrelated to specialization
in education economics, indicating that it reflects general forecasting skill rather than
narrow domain expertise.

The second main result is that the gap between expert and non-expert predictions
reflects systematic differences in how information is processed, not just in knowledge
or experience. Non-experts’ forecasts are heavily shaped by their prior beliefs. Re-
spondents with more accurate priors produce predictions closer to realized outcomes,
whereas miscalibrated priors directly translate into larger errors. Among non-experts,
self-reported sources of information, including familiarity with related studies or online
searches, are not consistently associated with higher accuracy, suggesting that addi-
tional information alone is insufficient when it is not effectively integrated. By con-
trast, self-reported effort strongly predicts better performance, indicating that careful
reflection and structured processing, rather than mere exposure to information, are

key. Open-ended responses reveal that non-experts predominantly rely on intuition or



gut feeling (57%), whereas experts more frequently apply deductive reasoning (48%)
and knowledge-based approaches (27%). Non-experts who report using structured
reasoning achieve substantially higher accuracy, although even their forecasts remain
below expert levels. Taken together, these findings show that prediction errors among
non-experts arise from a combination of poorly calibrated priors, ineffective use of
information, and reliance on intuitive strategies.

The third main result is that interventions targeting key sources of non-expert
prediction errors—poorly calibrated priors, limited cognitive effort, and lack of prior
experience—can substantially improve forecasting accuracy. Both monetary incentives
and numerical anchors raise accuracy, with anchoring proving particularly effective.
Providing respondents with a plausible benchmark reduces prediction errors by an
amount comparable to, or exceeding, the gains associated with deductive reasoning
or higher education. In the control condition, anchoring raises non-experts’ forecasts
from 47% to 53% (true value: 77%), narrowing—but not closing—the gap with ex-
perts (65%). These findings demonstrate that simple, scalable design interventions
can improve non-expert predictions as much as, if not more than, persistent individual
traits. At the same time, even the most effective interventions leave a substantial gap,
highlighting enduring limits in non-expert quantitative judgment.

Our findings carry important implications for how economic research is interpreted
and communicated. Building on prior evidence of expert—lay prediction gaps, we docu-
ment substantial divergence between expert and non-expert beliefs about experimental
outcomes. These gaps can weaken public support for evidence-based policies across
multiple domains. Importantly, however, much of the divergence reflects differences in
prior knowledge, cognitive strategy, and task engagement rather than specialization or
expertise per se. Consequently, non-expert prediction errors can be reduced through
interventions that shape reasoning and information processing, narrowing the gap with
expert predictions. These results highlight the potential—and the need—for future re-
search on interventions that systematically improve how non-experts interpret, process,
and act on economic information.

The main contribution of this paper is to unpack the mechanisms behind expert—lay
prediction gaps and show how these gaps can be narrowed through structured inter-
ventions. As such, our paper contributes to several strands of literature on belief
formation, forecasting, and expert—lay differences in economic reasoning. Most di-

rectly, it adds to a growing body of work studying how well experts and non-experts



predict empirical research findings and policy-relevant outcomes (Camerer et al., 2016;
DellaVigna et al., 2019, 2020; Banuri et al., 2019; Hjort et al., 2021; Chu et al., 2024).
While this literature documents systematic expert advantages, it remains largely silent
on the mechanisms generating expert-lay prediction gaps. We contribute by study-
ing expert and non-expert forecasts in a common experimental environment and by
jointly analyzing accuracy, elicitation design, and self-reported prediction strategies.
This integrated approach allows us to move beyond documenting gaps to identifying
the channels—knowledge, cognitive strategy, and task engagement—through which
expert-lay prediction gaps arise.

We also contribute to the literature on expectation formation and belief heterogene-
ity among non-experts (Manski, 2004; DellaVigna, 2009; Coibion and Gorodnichenko,
2015; Roth and Wohlfart, 2018; Dréger et al., 2025; Griindler et al., 2026). Existing
work emphasizes differences in information, priors, and numeracy, but provides limited
evidence on how these factors interact with forecasting performance in complex, policy-
relevant prediction tasks. We show that educational attainment among non-experts is
strongly associated with forecast accuracy, yet does not eliminate the gap relative to
experts. At the same time, we find little role for narrow domain specialization among
experts. Together, these findings suggest that general forecasting skills and structured
reasoning, rather than topic-specific expertise, are central to expert performance, con-
tributing to clarify an open question in prior work on expert accuracy.

Our paper also connects to research on belief elicitation and survey design (Dela-
vande et al., 2011; Prior et al.; 2015; Grewenig et al., 2022). While earlier studies
document mixed effects of incentives and framing on belief accuracy, we provide exper-
imental evidence that simple design features, particularly numerical anchoring, sub-
stantially improve non-expert predictions. Importantly, we benchmark these design
effects against individual characteristics and cognitive strategies, showing that elici-
tation choices can matter as much as education or reasoning style. This comparison
highlights that the elicitation design can be a practical and scalable tool for improving
belief measurement.

Finally, we contribute to the emerging literature that links cognitive processes to
economic expectations (e.g., DellaVigna, 2018). By classifying open-ended responses,
we provide direct evidence on the strategies individuals use when forming forecasts.
We show that non-experts disproportionately rely on intuitive reasoning, which is

strongly associated with lower accuracy, whereas experts predominantly use deduc-



tive and knowledge-based approaches that yield consistently high performance. This
evidence complements existing models of belief formation by identifying prediction
strategy itself, rather than information alone, as a key mechanism underlying expert-

lay differences.

2 Experimental design and data

Our goal is to explore differentials in how experts and non-experts predict policy-
relevant research outcomes and to understand their origins. To this end, we first
conduct a behavioral information experiment and then ask experts and non-experts to
predict the outcome of this experiment. We employ several experimental interventions
to study whether non-expert predictions can be improved by specific features of the
elicitation design. Figure (1) provides an overview of our experimental setup. We now

describe the details of this setting and the samples that we are using in our project.

2.1 The information experiment

As a basis for the prediction experiment, we first implemented an information exper-
iment among a representative sample (N = 3,133) of the German population (non-
experts). The experiment is inspired by Lergetporer et al. (2018) and involves the
elicitation of preferences for public school spending. Participants in the (uninformed)
control group (N = 1,045) are asked about their support for increases or decreases in
average school spending per student and year in Germany on a five-point Likert scale.

The information experiment includes two randomly assigned treatment conditions.
The first group (information provision, N = 1,037) is informed about the actual per-
student annual spending on public education in Germany (€7,300). The second group
(information acquisition, N = 1,051) can acquire the identical information by clicking
on a link. We focus on government spending on education, as this spending category
accounts for a large share of public sector budgets around the world. This highlights
the policy relevance of understanding belief formation in this area, as citizens’ support

for education spending is a critical factor in shaping public budgets.



Figure 1 Experimental Setup

Prediction Task { Experts (N=127) Non-Experts (N = 1,024)

Population Preference for Increased Education Spending

Control Group Info Provision Treatment Info Acquisition Information
N =1,045 N =1,037 N=1,051 Experiment
Total N = 3,133
Prediction
Elicitation

Incentive Treatment

Experience Treatment Anchor Treatment Control Group

Experiment

N =3,092 N=1,019

N = 1,040

N=1,024

Total N = 6,175

Note: The figure shows the experimental setup. We conduct a survey among a large sample of around 6,200 partic-
ipants representative for the population (non-experts) in Germany. We ask survey participants to predict outcomes
of an information experiment. The information experiment involves eliciting population preferences towards increased
education spending (N = 3,133). Before answering the outcome question, participants in the information experiment
are randomly assigned to one of three groups: participants in one treatment group (information provision, N = 1,037)
are informed about current education spending levels (the average public school spending per student in the year 2020
was €7,300). Participants in the other treatment group (information acquisition, N = 1,051) have the opportunity to
retrieve information about current spending levels. Participants in the control group (N = 1,045) do not receive any
information. In the prediction task (N = 1,024), participants first learn about the study design of the information
experiment. Subsequently, we measure their predictions for support to increase education expenditure in the control
group, information provision and information acquisition treatment group. We also ask 127 economics experts to predict
the outcomes in the three groups. To examine how the elicitation design influences predictions, we run a prediction
elicitation experiment among non-experts (N = 6,175) and randomize three design features at the individual level. First,
we randomly incentivize participants (N=1,040) with one additional Euro if answers to the prediction experiment are
correct. Second, we randomly provide participants (N=1,019) with an anchor by informing them about the control
group support for increased public school spending in a similar survey conducted in 2019. Third, we assign participants
of the information experiment to an experience condition (N=3,092). These respondents participated in the information
experiment first before being asked to predict the outcomes of the experiment. We compare predictions of the prediction
elicitation experiment to the predictions made by participants in the prediction task (control group, N = 1,024).



2.2 The prediction task

We ask participants in an expert (N = 127) and a non-expert (N = 1,024) sample
to predict the outcomes of the information experiment. Participants in the prediction
task are first informed about the design of the information experiment, including the
exact wording used in each experimental arm. They also receive detailed information
on the outcome questions and the corresponding answer categories.

As their primary task, participants were asked to forecast the outcomes of the
information experiment by answering the question “What do you think which share of
respondents answers ‘strongly increase’ or ‘increase’? Keep in mind that the questions
were posed in a survey among people aged between 18 and 69 years old”. For each
of the three experimental groups, participants could then indicate their predictions in
an open field, allowing for answers between 0 and 100. We further elicit participants’

confidence with their predictions on a 7-point-scale.

Prediction formation We use open-ended text questions to study how participants
form their predictions. Specifically, respondents are asked to explain, in their own
words, how they arrived at their forecast using a free-text response. This elicitation
approach allows us to capture individuals’ first-order considerations and underlying
cognitive strategies without priming specific modes of reasoning (see, e.g., Stantcheva,
2021; Andre et al., 2022; Driger et al., 2025). In addition, we use responses to struc-
tured questions on the informational inputs participants rely on, including whether
they engage in online search, exert particular effort to investigate the task, or draw on

knowledge of related or prior studies.

Participant characteristics The survey further collects detailed information on
participants’ socio-economic characteristics. This includes standard demographics such
as age, gender, and education, as well as measures of income, employment status,
household composition, and political and economic attitudes. These data allow us to
characterize heterogeneity in prediction accuracy across socio-economic groups and to
examine how individual background characteristics correlate with forecasting perfor-

maince.



2.3 The prediction elicitation experiment

To examine how the elicitation design influences predictions of non-experts, we run a
prediction elicitation experiment (N = 6,175) as part of the prediction task of non-

experts. This experiment randomizes three design features at the individual level.

Incentive treatment As a first intervention, we randomly incentivize participants
(N = 1,040) with the prospect of an additional payoff of one Euro if answers to the pre-
diction elicitation experiment are correct.! This design feature is intended to increase
respondents’ cognitive effort and allows us to test whether greater engagement im-
proves prediction accuracy, consistent with prior work on incentivized belief elicitation

(e.g., Schlag et al., 2015; Trautmann and van de Kuilen, 2015).

Anchor treatment Our second intervention provides a randomly chosen subset of
participants (N = 1,019) with an anchor, informing them about the control group
support for increased public school spending in a similar survey conducted in 2019.” By
providing an anchor as a salient reference-point, we can study to what extent reduced
uncertainty, disciplined guesswork, and a closer calibration of predictions to plausible
values improves non-expert predictions. Relatedly, DellaVigna and Pope (2018) find
that non-experts create well-informed predictions about the direction of treatment
effects, but often scale them around an incorrect baseline belief. The anchor treatment
allows us to investigate the extent to which predictions become more accurate when

being provided with a reasonable prior.

Experience treatment Finally, we assign a third randomly chosen group of subjects
to an experience condition (N = 3,092). Respondents allocated to this intervention
group first participated in the initial information experiment before predicting the

outcome of this experiment.” The experience condition allows us to study whether a

'We consider a prediction correct if it falls within the 10% percentile of the corresponding outcome
in the population sample. After the survey, one of the four predictions provided by each participant
was randomly selected, and incentives were paid if the chosen prediction met this accuracy criterion.

2The participants learned that in 2019, 78% of 18-69 year old participants—who did not receive
information about accurate school spending levels—were in favor of increasing public school spending.

3Due to the contemporaneous structure of the information experiment and the prediction elicitation
experiment, participants in the experienced condition participated in the initial baseline experiment
first and were subsequently asked to predict its outcomes. Consequently, the experienced groups
consist of participants who (i) never received any information about actual spending levels, (ii) always
received information about actual spending levels and (iii) could choose to receive information about



potentially better understanding of a task achieved through prior personal engagement

with the topic results in more accurate predictions.

2.4 Samples
2.4.1 Expert sample

We exploit the unique infrastructure of the “Economists panel” (German: “Okonomen-
panel”) conducted jointly by the ifo Institute in Munich and the Frankfurter Allgemeine
Zeitung (FAZ) to recruit subjects for our expert panel.” The Economists panel reg-
ularly surveys the universe of tenured economics professors at German universities,
asking them about their evaluation of recent economic and political events, as well as
their recommendations regarding economic policy. The results of the Economists panel
are regularly published in academic outlets of the ifo Institute and in press articles in
the FAZ, making them transparent to a broad audience in the economic and political
sphere. Data collected by the Economists panel has previously been used in related
studies that required high-quality responses from professional economic experts (e.g.,
Driger et al., 2025 and Griindler et al., 2025). The survey was conducted as a special
module of the 29th Economists panel (tenured professors). We also run a complemen-
tary survey among assistant professors that were non-tenured by the time of the survey
in May 2020.

We received responses from 127 economics professors, a sample size comparable
to previous and subsequent waves of the Economist panel. Respondents are informed
about the special module only after participating in the first (regular) part of the
survey to mitigate a potential selection into survey. Table (A4) list characteristics
of the subjects in our expert sample. For instance, the average expert participating
in our study is 53 years old and received their PhD in 2002. A share of 22% of
respondents are female. Approximately 8% have previously published in the field of
education economics, 21% have experience conducting experimental analyses, and 90%
have published an empirical study prior to the survey. These characteristics are broadly
consistent with the population of economics professors in Germany and reflect prior

analyses revealing that participants of the Economists panel are broadly representative

actual spending levels. For sake of simplicity, we pool all experienced participants into one experienced
group when investigating how experience influences predictions.

4With a circulation of about 200,000 printed copies daily, the FAZ is Germany’s second-largest
high-profile newspaper.
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of the universe of economics professors at German universities in terms of academic
age, gender, regional distribution of affiliations, and scholarly impact as measured by
Google Scholar citations (Geilsendorfer et al., 2025).

2.4.2 Non-expert sample

The information experiment, the prediction task and the prediction elicitation ex-
periment were conducted as part of the annually collected ifo Education Survey (for
methodological details of this survey, see Freundl et al., 2023). Each annual survey
release is widely covered in major German newspapers, and the large coverage of house-
holds and the high data quality have made it a popular tool for experimental education
research (e.g. Lergetporer et al., 2018; Lergetporer et al., 2020). We included our ex-
periments in the 2020 wave of the ifo Education Survey, which was collected in June
2020 and covers a nationally representative sample of more than 6,000 participants aged
between 18 and 65 years. The sample was drawn to match the German population in
terms age, gender, federal state, education degree, and employment status.

Table (A1) compares the distribution of key demographic and socioeconomic char-
acteristics in our two survey experiments to the German Microcensus. Across both
the information experiment and the prediction elicitation experiment, observable char-
acteristics closely track official population benchmarks. Gender shares, educational
attainment, employment rates, and regional composition are very similar across the
two experiments and align well with the Microcensus. Respondents in both experi-
ments are slightly younger and less likely to report high household income than in the
Microcensus, reflecting common patterns in online survey data. The share of second-
generation migrants is modestly higher in the survey samples, while the fraction born
in Germany is correspondingly lower. Overall, the comparison indicates that the two
experimental samples are broadly representative of the German population along core

observable dimensions.

Quality of data The questionnaire is extensively pre-tested to reduce measurement
error. To limit low-effort responding, the survey includes several quality-control mea-
sures, including attention checks, response-time monitoring, and internal consistency
checks across related items. Observations failing these criteria are flagged or excluded
according to pre-specified rules. The median completion time is 24 minutes, and re-

spondents receive monetary compensation.

11



Implementation Respondents were randomly assigned to one of two groups prior
to the survey. Half of the subjects were allocated to the information experiment,
whose results provide the baseline for the subsequent prediction task and the predic-
tion elicitation experiment (Section 2.1). The other half were directly assigned to the
prediction task. The contemporaneous survey structure ensures that no experimental
results could leak during the intervention period and that outcomes were not publicly

accessible online or elsewhere.

Integrity of randomization To assess the integrity of our randomization, we ex-
amine whether participants’ observable sociodemographic characteristics differ across
experimental groups. Tables (A2) and (A3) in the appendix present a detailed balanc-
ing analysis. The results indicate that covariates are well balanced: Out of 49 pairwise
comparisons, only one is statistically significant at the 10% level, consistent with what
would be expected under random variation. The numbers provide strong evidence that
our random assignment was successful and that systematic differences across treatment

groups are unlikely to confound our results.

3 Prediction accuracy: Experts vs. non-experts

We begin our analysis by examining the differences in prediction accuracy between
experts and non-experts. In this section, we present the results of the information
experiment and compare it with forecasts made by experts and non-experts. This
comparison provides a baseline understanding of the magnitude and structure of the
expert—lay prediction gap before considering the effects of subject heterogeneity and

experimental design features.

3.1 Results of the information experiment

Figure (2) reports the baseline outcomes of the information experiment. In the con-
trol group, 77% of participants favor increasing public school spending (left beige bar,
left panel), in line with previous evidence (Lergetporer et al., 2018). Provision of in-
formation about last year’s per-student spending significantly lowers support to 59%
(left beige bar, center panel), while giving participants the option to acquire addi-
tional spending information yields 72% support (left beige bar, right panel). The 5-
percentage-point decline compared to the control group (77% vs. 72%) is statistically

12



significant at the 1% level (p = 0.005).” These patterns indicate that, although public
support for higher education spending remains broadly strong, exposure to objective
information moderates this support. This finding aligns with a substantial body of ev-
idence demonstrating that information interventions can significantly influence public

preferences, both in education policy and beyond (e.g. Lergetporer and Woessmann,
2023; Haaland et al., 2023).

3.2 Results of the prediction task: Experts versus non-experts

How well do experts and non-experts predict the results of the information experiment?
Figure (2) compares the forecasts from the prediction task with the observed outcomes
of the information experiment (numerical effects are reported in Table A5). The main
result of this comparison is that expert forecasts consistently and significantly outper-
form those of non-experts across all prediction tasks.

Non-experts substantially underestimate participants’ preferences for increased ed-
ucation spending, as illustrated by the red bars in Figure (2). For instance, non-experts
forecast that only 47% of participants in the control group would favor an increase (red
bar, left panel), a 30 percentage point deviation from the true value of 77%. For the
information provision group, non-experts predict 41% support, falling 18 percentage
points short of the observed 59% (red bar, center panel). Finally, for the information
acquisition group, non-experts estimate that 40% of subjects favor an increase, under-
predicting the true 72% by 32 percentage points (red bar, right panel). Non-experts
also misjudge the relative strength of the treatment effects, anticipating that the in-
formation acquisition task would reduce support slightly more than the information
provision treatment, contrary to the observed outcomes.

By contrast, experts generate substantially more accurate predictions, as shown by
the blue bars in Figure (2). Quantitatively, experts predict 65% support in the con-
trol group (true value: 77%), 49% under information provision (true value: 59%), and
53% under information acquisition (true value: 72%). Across all conditions, expert
predictions differ significantly from those of non-experts at the 1% level. Experts also
outperform non-experts in ranking treatments by their effects. In particular, experts
correctly anticipate that information acquisition shifts preferences less than informa-

tion provision, and the predicted difference in effect sizes between the control and

50nly 22.8% of participants opted to obtain the information; among these, 64% continued to favor
spending increases.
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Figure 2 Population Preferences and (Non)-Expert Predictions
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o
o

0.0

Control Information Provision Information Acquisition

Population Preference . Non-Expert Prediction . Expert Prediction

Note: The Figure shows means and confidence intervals for population preferences and non-expert and expert predic-
tions. Treatment arms: information provision and information acquisition. Participants in the control group (1,045)
are asked: "In your opinion, should public spending on schools in Germany increase, decrease or remain unchanged?"
Participants in the information provision condition (1,037) receive the information that average public spending on
education in Germany amounts to 7,300 Euros per student per year. Instead of seeing this information right away,
participants in the information acquisition treatment (1,051) could click on a button to find out about public spending
per student. The dependent variable is a dummy variable assuming the value 1 if participants respond spending should
"increase" or "strongly increase". Participants in the prediction sample (1,024) are first informed about the context:
"The aim now is to estimate the answers of other participants in this survey as accurately as possible. Some other
participants are randomly divided into three groups and asked about government spending on schools.". Then, the
three questions are given to them explicitly marking the difference between conditions. In a third step, participants
are asked to predict a number for each condition: "What proportion of respondents do you think will answer "strongly
increase" or "increase"?" Calculations for the population are based on survey weights. Data source for population
preferences and predictions: ifo Education Survey 2020. For the expert predictions, 127 economists answered in the
course of the Economists’ Panel: "The aim now is for you to estimate the answers of the ifo Education Barometer 2020
survey participants as well as possible. The ifo Education Barometer is currently surveying a representative sample
of people between the ages of 18 and 69. The participants are randomly divided into three groups and asked about
state spending on schools. Group 1 ("No information") answers the following question: (...). Group 2 ("Information")
answered the following question: (...). All three groups can choose between five possible answers when answering the
question: "strongly increase", "increase", "remain roughly unchanged", "decrease", "strongly decrease". What propor-
tion of respondents do you think will answer "strongly increase" or "increase"?". Population and non-expert sample
weighted by survey weights. Significance levels: *p<0.1; **p<0.05; ***p<0.01. Data sources: ifo Education Survey, ifo
Economists Panel 2020
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information acquisition conditions is statistically significant at the 1% level. This pat-
tern stands in sharp contrast to non-expert predictions, which are largely compressed

toward the mean, understating both baseline support and cross-treatment variation.

Distribution of predictions Across all three prediction tasks, the distribution of
non-experts’ predictions is markedly more dispersed than that of experts, pointing to
a high variability in non-expert beliefs (Figure Bl in the appendix). These results
reinforce the conclusion that experts consistently predict research outcomes more ac-

curately than non-experts, in line with prior findings (e.g., Chu et al., 2024).

3.3 What determines prediction accuracy?

We next explore heterogeneity in prediction accuracy to study whether and to what
extent forecasting performance among non-experts and experts can be explained by
individual characteristics. Specifically, we examine whether prediction accuracy varies
with educational attainment, field of expertise, and self-reported certainty. Across
the board, expert forecasts show very little dispersion, while we uncover substantial

heterogeneity in the group of non-experts.

3.3.1 Heterogeneity among non-experts

Education and cognitive skills We begin by examining whether non-experts with
higher educational attainment make more accurate predictions. We classify respon-
dents based on whether they hold a university entrance degree and compare their
forecasts across the control and treatment groups (Figure B2 and Table A7 in the
appendix). Non-experts with a university entrance degree consistently provide more
accurate predictions than those without. For instance, in the control group, non-
experts with a university entrance degree predict that 52% of participants favor higher
education spending, a share much closer to the true value (77%) than expected by
other participants in the control group (44%). Differences persist in the information
provision and information acquisition conditions, though attenuated: Non-experts with
and without a university entrance degree predict 43% versus 40% (information provi-
sion) and 43% versus 38% (information acquisition), with statistical significance at the
10% and 1% levels. Overall, higher educational attainment narrows the expert-lay
prediction gap, yet non-experts remain less accurate than experts even when holding

a university entrance degree.
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Certainty in predictions We examine the role of self-reported certainty in shaping
prediction accuracy. Non-experts who express high certainty (ratings 5-7 on a 7-
point scale) predict more accurately than those with low certainty (ratings 1-4) across
all experimental conditions (Figure B3 and Table A7). Differences are statistically
significant at the 1% level in the control and information provision groups, and at the
5% level in the information acquisition group. However, even highly certain non-experts

do not reach the accuracy of experts.

3.3.2 Heterogeneity among experts

Field of specialization Next, we assess whether experts’ predictions vary with their
field of specialization. Experts in our sample cover a range of domains, including
education economics, experimental economics, microeconomics, and macroeconomics.
Figures (B4)—(B7) in the appendix show that experts’ forecasts are remarkably uniform
across specializations.® Experts with a focus on education economics make predictions
nearly identical to those in other fields. Importantly, all experts outperform the group
of non-experts, regardless of their specialization. These findings align with DellaVigna
and Pope (2018), who show that prediction accuracy among experts does not depend

on field-specific expertise.

Certainty in predictions Contrary for the results we found for non-experts, ex-
perts’ predictions are largely invariant to self-reported certainty (Figure B8). For
example, in the control group, the values predicted by experts with high (65%) and

low (64%) certainty are very close together and statistically indistinguishable.

4 How do experts and non-experts form predictions?

To better understand why experts outperform non-experts in forecasting experimental
outcomes, we investigate how predictions are formed. Forecasting an experimental
result is a cognitively demanding task that requires individuals to start from prior
beliefs about the outcome of interest, incorporate available information, and translate
both into a coherent quantitative prediction.

In this section, we shed light on these components. We start by exploring prior

beliefs, which provide the baseline reference point from which respondents form expec-

6Numerical treatment effects are presented in Table (A8) in the appendix.
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tations about the experimental outcome. We then turn to the inputs used to generate
forecasts, including information about related evidence, active information search, and
self-reported effort. Finally, we examine the cognitive strategies through which these
inputs are mapped into quantitative predictions. This distinction allows us to disentan-
gle whether expert superiority reflects better-calibrated priors and access to relevant
information, or fundamentally different ways of reasoning about and integrating exper-

imental evidence.

4.1 Baseline beliefs about education spending

Spending beliefs of experts and non-experts Figure (B9) plots the distribution
of baseline beliefs about education spending in Germany among experts and non-
experts. This analysis reveals two distinct facts. First, both groups exhibit dispersion
in their beliefs, indicating considerable heterogeneity in perceptions of public spending
even for a salient and well-documented policy domain. Second, the expert distribution
is substantially more concentrated, with beliefs clustering more tightly around smaller
absolute deviations, whereas non-experts display a much wider spread and heavier tails.
On average, experts (mean: 7,646 Euros) are remarkably close to the true spending
level (7,300 Euros), while non-experts significantly under-predict education spending
(mean: 4,684 Euros).

Overall, the results indicate that expert beliefs exhibit significantly higher precision
and lower dispersion than those of the general public. Consequently, the magnitude of
misperceptions regarding average education spending is substantially lower among the

expert sample.

Spending beliefs and prediction accuracy Among non-experts, we find a clear
relationship between the accuracy of prior beliefs and forecasting performance (Figure
B10). Predictions of individuals with better-calibrated priors are substantially closer
to the outcome of the information experiment. This pattern suggests that non-experts
rely heavily on their initial beliefs when forming expectations, and that misperceptions
at the outset translate directly into less accurate forecasts. By contrast, among ex-
perts we detect no meaningful difference in predictive accuracy across baseline spending
beliefs (Figure B11). This absence of a gradient is consistent with the lower disper-
sion of experts’ baseline beliefs. It also suggests more generally that experts are less

constrained by their baseline beliefs, either because they draw on a broader set of in-
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formational inputs or because they apply more structured reasoning when mapping

priors into quantitative predictions.

4.2 Prediction inputs

We now study whether experts and non-experts differ in the inputs they draw upon
when forming predictions. These inputs reflect the resources individuals employ to dis-
cipline their baseline spending beliefs, such as exerting greater cognitive effort, search-
ing for external information, or relying on prior exposure to similar scientific studies.
We elicited the inputs respondents used to form their forecasts through closed-ended
questions in both the expert and non-expert surveys, using identical wording to ensure

comparability across groups.

Inputs used by experts and non-experts Panel (a) of Figure (3) summarizes the
self-reported inputs respondents used to form their predictions. Large majorities in
both groups report exerting effort in arriving at their forecasts (91% among non-experts
and 77% among experts). By contrast, only 7% of non-experts and 10% of experts
report conducting an internet search, while 10% of non-experts and 14% of experts
indicate drawing on knowledge of prior or related studies. Overall, these patterns
point to substantial overlap in the self-reported inputs underlying expert and non-
expert forecasts, suggesting that differences in performance are unlikely to be explained

by informational inputs alone.

Inputs and accuracy of predictions We next examine how different self-reported
inputs into the forecasting process relate to prediction accuracy. Two patterns stand
out. First, non-experts who report knowing academic studies related to the experi-
mental setting make significantly less accurate predictions. We obtain similar results
for non-experts who report searching for information online. Despite actively acquiring
additional information, their forecasts are farther from the realized outcomes on aver-
age. These findings suggest that non-experts face substantial difficulties in translating
raw or fragmented information into accurate quantitative predictions.

By contrast, self-reported effort is strongly positively associated with forecasting
accuracy. Non-experts who state that they invested particular effort into the task make
substantially more accurate predictions. This pattern indicates that improvements in

non-expert accuracy can primarily be achieved by more careful processing, integration,

18



Figure 3 Inputs and Cognitive Strategies to Form Predictions, Experts versus Non-Experts
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Note: The figure shows inputs and cognitive strategies used to form predictions, comparing experts and non-experts.
Expert and non-expert surveys used the identical question wording to maximize comparability. Non-expert observations
are weighted using survey weights. Panel (a) visualizes responses to closed-ended questions on inputs used for the
prediction task. Panel (b) depicts the shares of code categories in the open-text question analysis. We separately report
shares for experts (N = 72) and non-experts (N = 940). Answers to the open-text question are assigned to one of the
following categories: gut feeling, deduction, knowledge, personal situation, news and other. We summarize the codes
knowledge’ and ’deduction’ in the category ’knowledge/deduction’, and report the codes 'News’, 'Personal situation’,
’Other’ and ’'Don’t know’ in the category ’Other’. Data sources: ifo Education Survey 2020 and ifo Economists Panel
2020.



and reflection on the available information, rather than from expanding the information

set per.

4.3 Cognitive reasoning strategies

Finally, we turn to the cognitive strategies respondents use to transform available inputs
into predictions. These strategies capture qualitative differences in reasoning, ranging
from deliberate deduction and knowledge-based inference to intuitive or preference-
driven judgments. Unlike prediction inputs, which concern the amount and source
of information, cognitive strategies describe how individuals process that information.
Examining these strategies allows us to assess whether differences in forecast accu-
racy stem from distinct modes of reasoning rather than from disparities in effort or

information alone.

Retrieving cognitive strategies of subjects To classify the cognitive strategies
used by experts and non-experts in generating their predictions, we ask participants to
explain in a free-text entry box how they arrived at the reported value. This method
allows us to measure what’s on top of people’s heads without priming them towards
answers they would not have naturally thought of (e.g. Haaland et al., 2025, Ferrario
and Stantcheva, 2022). In order to classify responses, we reviewed a subset of non-
expert answers and developed a tailored coding scheme that distinguishes between
distinct prediction strategies. This scheme was then consistently applied to all non-
expert responses, as well as to the corresponding answers provided by experts. Table
A9 details our classification framework, which partitions open-ended responses into
six categories: gut feeling, deduction, knowledge, personal situation, news, and other.
The table provides representative examples for each category alongside their respective

coding assignments.

Differences in cognitive strategies between experts and non-experts Fig-
ure (3) summarizes the strategies respondents report using when forming predictions
about experimental outcomes, based on a coding of open-ended responses. We group
responses referring to personal circumstances, news exposure, or other unspecified con-
siderations into a single residual category. Non-experts predominantly rely on intuitive
reasoning, with a majority indicating that they follow their “gut feeling” when making

predictions (51%). In contrast, experts are substantially less likely to rely on intuition.
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Instead, they most frequently report forming predictions through deductive reason-
ing or by drawing on relevant domain knowledge and experience (68%). This type of
systematic reasoning is substantially less prevalent among non-expert (29%).
Together, the observed between-group differences suggest that experts rely more
systematically on structured reasoning and informational inputs, whereas non-experts

tend to rely on heuristics and intuition when faced with predictive tasks.

Cognitive strategies and accuracy of predictions Having established that ex-
perts and non-experts rely on systematically different strategies to form forecasts, we
explore whether these strategies are also associated with predictive accuracy. Specifi-
cally, we compare non-experts who report forming predictions based on knowledge or
deductive reasoning to those who rely on intuition or other heuristic strategies. Figure
(4) presents the results (Table A10 reports numerical outcomes). As in the baseline
analysis, the beige and blue bars depict population preferences from the information
experiment and expert predictions, respectively. The red bars show non-expert predic-
tions, disaggregated by reported prediction strategy: gut feeling (light red), knowledge
or deduction (dark red) and other strategies (medium red).

Non-experts who report relying on knowledge or deductive reasoning make signifi-
cantly more accurate predictions than those who rely on gut feeling or other heuristic
strategies. Their predictions are systematically closer to realized population prefer-
ences, with differences statistically significant at the 1% level. For instance, in the
control group, non-experts using knowledge or deduction predict that 57% of the pop-
ulation favors higher education spending, compared to a true value of 77%. By contrast,
non-experts relying on gut feeling predict a substantially lower share of 44%.

Despite this improvement, non-experts who report using knowledge or deduction
remain significantly less accurate than experts. For both the control group and the
information acquisition treatment group, the difference in prediction accuracy between
experts and highly educated non-experts is statistically significant at the 1% level.

By contrast, variation in reported prediction strategies among experts is weakly
related to predictive accuracy. As shown in Figure (5), experts who report relying
on knowledge or deduction make similar predictions to those who report relying on
intuition (see Table A1l for numerical results). In the control group, experts using
knowledge or deduction and those using gut feeling predict population support for

higher education spending of 66% and 71%. In the information provision treatment
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Figure 4 Non-Expert Predictions split by Answer Strategy
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Note: The Figure shows means and confidence intervals for population preferences as well as non-expert and expert
predictions. We split the population prediction sample according to respondents’ answer strategy (N = 940). We code
and summarize answers to the following three categories: knowledge/deduction, gut feeling and other (news, personal
situation, other). Treatment arms: information provision and information acquisition. Participants in the control
group (1,045) were asked: "In your opinion, should public spending on schools in Germany increase, decrease or remain
unchanged?" Participants in the information provision condition (1,037) receive the information that average public
spending on education in Germany amounts to 7,300 Euros per student per year. Instead of seeing this information
right away, participants in the information acquisition treatment (1,051) could click on a button to find out about
public spending per student. The dependent variable is a dummy variable assuming the value 1 if participants respond
spending should "increase" or "strongly increase". Participants in the prediction sample (1,024) are first informed
about the context: "The aim now is to estimate the answers of other participants in this survey as accurately as
possible. Some other participants are randomly divided into three groups and asked about government spending on
schools.". Then, the three different questions are given to them explicitly marking the difference between conditions.
In a third step, participants are asked to predict a number for each condition: "What proportion of respondents do
you think will answer "strongly increase" or "increase"?" Calculations for the population are based on survey weights.
Data source for population preferences and predictions: ifo Education Survey 2020. For the expert predictions, 127
economists answered in the course of the Economists’ Panel: "The aim now is for you to estimate the answers of the ifo
Education Barometer 2020 survey participants as well as possible. The ifo Education Barometer is currently surveying
a representative sample of people between the ages of 18 and 69. The people are randomly divided into three groups
and asked about state spending on schools. Group 1 ("No information") answers the following question: (...). Group 2
("Information") answered the following question: (...). All three groups can choose between five possible answers when
answering the question: "strongly increase", "increase", "remain roughly unchanged", "decrease", "strongly decrease".
What proportion of respondents do you think will answer "strongly increase" or "increase"?". Population and non-
expert sample weighted by survey weights. Significance levels: ~“p>0.1; *p<0.1; **p<0.05; ***p<0.01. Data sources:
ifo Education Survey, ifo Economists Panel 2020 2



Figure 5 Expert Predictions split by Answer Strategy
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Note: The Figure shows means and confidence intervals for population preferences as well as non-expert and expert
predictions. We split the expert predictions sample based on different answer strategies (N = 71). We code and
summarize answers to three categories: knowledge/deduction, gut feeling and other (news, personal situation, other).
Treatment arms: information provision and information acquisition. Participants in the control group (1,045) are
asked: "In your opinion, should public spending on schools in Germany increase, decrease or remain unchanged?"
Participants in the information provision condition (1,037) receive the information that average public spending on
education in Germany amounts to 7,300 Euros per student per year. Instead of seeing this information right away,
participants in the information acquisition treatment (1,051) could click on a button to find out about public spending
per student. The dependent variable is a dummy variable assuming the value 1 if participants respond spending should
"increase" or "strongly increase". Participants in the prediction sample (1,024) are first informed about the context:
"The aim now is to estimate the answers of other participants in this survey as accurately as possible. Some other
participants are randomly divided into three groups and asked about government spending on schools.". Then, the three
different questions are given to them explicitly marking the difference between conditions. In a third step, participants
are asked to pedict a number for each condition: "What proportion of respondents do you think will answer "strongly
increase" or "increase"?" Calculations for the population are based on survey weights. Data source for population
preferences and predictions: ifo Education Survey 2020. For the expert predictions, 127 economists answered in the
course of the Economists’ Panel: "The aim now is for you to estimate the answers of the ifo Education Barometer 2020
survey participants as well as possible. The ifo Education Barometer is currently surveying a representative sample
of people between the ages of 18 and 69. The people are randomly divided into three groups and asked about state
spending on schools. Group 1 ("No information") answers the following question: (...). Group 2 ("Information")
answered the following question: (...). All three groups can choose between five possible answers when answering
the question: "strongly increase", "increase", "remain roughly unchanged", "decrease", "strongly decrease". What
proportion of respondents do you think will answer "strongly increase" or "increase"?". Population and non-expert
sample weighted by survey weights. Significance levels: *p<0.1; **p<0.05; ***p<0.01. Data sources: ifo Education
Survey, ifo Economists Panel 2020 23



group, experts predict 48% and 50%.

5 Can non-expert predictions be improved?

We examine whether the design of the prediction task can narrow the gap between ex-
pert and non-expert forecasts. Specifically, we study whether features of the elicitation
environment improve non-experts’ predictive accuracy and bring their forecasts closer
to those of experts. We then compare the effects of these design interventions to other
determinants of predictive performance (e.g. socio-economic characteristics and cog-
nitive reasoning strategies) in order to assess the relative importance of survey-based

elicitation choices versus individual-level factors in shaping prediction accuracy.

5.1 The impact of elicitation design on prediction accuracy

Our previous results suggest that experts’ superior predictive performance is plausibly
rooted in a combination of well-calibrated baseline anchors, rigorous scientific training
that fosters deduction-based reasoning strategies, accumulated experience with fore-
casting in professional settings (e.g. advising policymakers or supervising research
projects), and institutional incentives that reward accuracy.

To assess whether analogous mechanisms enhance non-expert forecasting, we imple-
ment three experimental interventions that selectively introduce core elements of expert
prediction into the non-expert elicitation environment, including focal reference points,
disciplined reasoning, and experience with prediction tasks. The incentive treatment
awards participants a monetary reward (1 Euro) for correct predictions. The anchor
treatment provides participants with the population share favoring increased education
spending from a prior survey (2019, 78%). Finally, in the experience treatment, par-
ticipants generate firsthand experience with the decision context by first taking part
in the information experiment. These treatments are implemented identically to pre-
dict preferences for education spending in the control group, the information provision
group, and the information acquisition group. We rationalize the results regarding

design features in our simple framework in Appendix (A).

Results Figure (6) presents the results. We find that both the incentive and anchor
treatments significantly improve non-expert accuracy. For example, in the control

group, non-experts predict the population share favoring increased education spending
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Figure 6 Non-Expert Predictions by Belief Elicitation Treatments
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are informed about the incentive of 1 Euro for a correct answer. In the anchor condition, participants are informed
about the population share for increased education spending for the year 2019 (78%). In the experience treatment,
participants took part in the first experiment and indicated their preference for or against increased education spending
in either one of the three conditions: control, information provision, information acquisition. Each treatment arm is
a different sample: incentive treatment (1,040), anchor treatment (1,019), experience treatment (3,094), control group
(1,024). Population preferences and expert predictions are included as references. Participants in all treatment arms
make predictions for the three conditions in the information provision experiment: control, information provision and
information acquisition. Population and non-expert sample weighted by survey weights. Significance levels: ~p>0.1;
*p<0.1; **p<0.05; ***p<0.01. Data sources: ifo Education Survey, ifo Economists Panel 2020
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to be 48% without treatment, 50% under the incentive treatment, and 53% under
the anchor treatment (true value: 77%). Across all three groups of the prediction
task, the anchor treatment is consistently the most effective in enhancing prediction
accuracy, while the incentive treatment also yields statistically significant but smaller
improvements. By contrast, the experience treatment has little effect in the control and
information provision groups, and only a minor effect in the information acquisition
group (42% vs. 40%).

Despite the improvements generated by the elicitation design, none of the treat-
ments is sufficient to fully close the gap between non-experts and experts. In the
control group, experts predict 65% (true value: 77%), whereas the closest non-expert
prediction (the anchor treatment) reaches 53%. Even under the anchor treatment in the
information provision task, which yields the smallest observed divergence, non-experts’

predictions still fall 3 percentage points short of experts’ forecasts.

Main takeaway Our findings imply that the design of the prediction task can sig-
nificantly improve non-expert forecasts, yet intrinsic differences between experts and

non-experts continue to sustain the expert-lay prediction gap.

5.2 Elicitation design versus individual determinants of predic-

tion accuracy

The previous analyses show that both individual characteristics (such as education),
answer strategies (such as knowledge and deduction), and features of the elicitation
design (such as incentives and anchoring) are associated with higher accuracy, but it
remains unclear how these forces compare quantitatively. Next, we provide a unified
assessment of the relative importance of characteristics, answer strategies, and exper-
imental treatments for forecast accuracy. This approach allows us to identify which
levers, task design or respondent attributes, are most effective in narrowing the expert-
lay prediction gap and to what extent improvements in non-expert forecasting can be

achieved through survey design.

Model To quantify which factors improve the accuracy of non-expert forecasts, we
estimate a series of linear regression models that relate individual prediction errors to
respondent characteristics, self-reported prediction strategies, and experimental treat-

ments. The empirical specification takes the following form:
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where |y;, — y,| denotes the absolute difference between individual i’s prediction of
the population share in experimental group g and the realized population share. Lower
values of the dependent variable therefore indicate more accurate forecasts.

The vector X; captures baseline respondent characteristics and prior beliefs, includ-
ing an indicator for tertiary education, self-reported certainty about the prediction, and
a measure of the respondent’s misperception about actual education spending. The
vector S; contains indicators for self-reported prediction strategies, distinguishing be-
tween knowledge- or deduction-based reasoning, gut feeling (the omitted category),
and other heuristic approaches. The vector T; includes indicators for the experimental
treatments in the prediction elicitation task, namely monetary incentives, anchoring,
and prior forecasting experience. The error term ¢;, captures unobserved determinants
of forecast accuracy.

All covariates are dummy variables, facilitating a direct comparison of magnitudes
across characteristics, strategies, and treatments. The regressions are estimated on the

sample of non-experts participating in the prediction elicitation experiment.

Results Table (1) reports the results. Column (1) focuses on baseline characteristics
and prior beliefs. Non-experts with a tertiary education degree make significantly more
accurate predictions, reducing the absolute prediction error by 4 percentage points.
Above-median self-reported certainty is also strongly associated with improved accu-
racy. By contrast, respondents whose own beliefs about education spending are further
from the true spending level in absolute terms make systematically worse predictions,
highlighting the role of biased priors in shaping forecast errors.

Column (2) adds self-reported prediction strategies. Relative to respondents re-
lying on gut feeling, non-experts who report using knowledge or deductive reasoning
make substantially more accurate predictions, with a reduction in absolute error of
nearly 0.05 points. In contrast, respondents relying on other heuristic strategies per-
form significantly worse. These results underscore that how non-experts approach the
prediction task is a key determinant of accuracy, above and beyond observable charac-
teristics.

Column (3) adds the experimental treatments. Among these, anchoring has a large

and precisely estimated effect, improving prediction accuracy by about 0.04 points.
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Table 1 Drivers of Good Predictions Among Non-Experts

Dependent variable: Absolute Difference
Non-FExpert Predictions - Population Share

Prediction Elicitation Experiment

(1) (2) (3)

Difference in spending beliefs 0.028*** 0.025*** 0.024**
(0.005) (0.005) (0.005)
Tertiary education degree —0.040"** —0.028"** —0.028"**
(0.005) (0.005) (0.005)
Above median certainty —0.024*** —0.020*** —0.020"**
(0.005) (0.005) (0.005)
Answer Strategy:
Knowledge/Deduction —0.049™ —0.048™
(0.005) (0.005)
Other 0.068*** 0.069***
(0.008) (0.008)
Experimental Treatments:
Incentive —0.013*
(0.008)
Anchor —0.041*
(0.008)
Experience —0.004
(0.006)
Constant 0.294** 0.296*** 0.307***
(0.004) (0.004) (0.007)
Observations 16,872 16,872 16,872

Note: Survey-weighted linear regression estimates. The dependent variable is the absolute difference between non-
expert predictions and average population preferences. The lower the absolute difference, the closer a prediction
is to the population average. We focus on the prediction elicitation experiment sample (5,624 individuals make
three predictions in three treatment and the control group), and regress the dependent variable on the ’'Difference
in spending beliefs’ dummy equaling 1 if the absolute difference between individual education spending beliefs
and factual educations spending is above the median absolute difference, a tertiary education dummy equaling
1 if a respondent has a tertiary education degree, an ’Above median certainty’ dummy equaling 1 if individual
prediction certainty is above median certainty, and the answer strategy with ’Gut feeling’ as reference category.
Standard errors are clustered at individual level. Significance levels: *p<0.1; **p<0.05; ***p<0.01. Data source:
ifo Education Survey 2020.
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Monetary incentives also reduce prediction errors, though the effect is smaller and only
marginally significant. Prior forecasting experience, by contrast, has no statistically
detectable effect once other factors are controlled for. Notably, the estimated anchoring
effect is roughly twice as large as the effect associated with tertiary education and

closely aligned with the magnitude of knowledge-based reasoning.

Implications for Survey Design The findings have direct implications for the de-
sign of surveys that elicit beliefs or forecasts from non-experts. First, raw predictions
should not be interpreted in isolation: Heterogeneity in respondents’ priors and rea-
soning strategies generates systematic and predictable forecast errors. Second, survey
design can partially substitute for expertise. Simple design choices—most notably
providing numerical anchors—can substantially improve forecast accuracy by guiding
respondents toward more structured reasoning and mitigating the influence of diffuse or
biased priors. Third, encouraging cognitive effort through incentives yields additional,
albeit smaller, gains, suggesting diminishing returns to purely monetary motivation.
More broadly, our results imply that surveys aimed at aggregating non-expert expecta-
tions or beliefs can achieve better predictions. The scope for improvement is, however,
limited. Even when improving forecasts through survey-based approaches, non-expert

forecasts cannot catch up with the accuracy of expert predictions.

5.3 A simple framework to understand the treatment effects

The patterns identified in our experiments can be rationalized within a simple model
of prediction formation, presented in Appendix (A). The framework formalizes how
heterogeneous prior beliefs and costly, structured reasoning generate a persistent ex-
pert—lay gap in forecasts. Experts enter with better calibrated priors and exert greater
cognitive effort, while non-experts rely more heavily on heuristics. Anchors and incen-
tives affect predictions through two distinct channels: by shifting priors toward more
accurate baselines and by increasing the returns to cognitive effort. The model pro-
vides a parsimonious account of the observed treatment effects and clarifies some of

the mechanisms underlying belief formation in our setting.
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6 Conclusion

Our analysis documents large and persistent gaps between expert and non-expert fore-
casts, even in a well-defined and policy-relevant setting. In our data, these differences
are explained less by narrow domain expertise than by systematic heterogeneity in pri-
ors, reasoning strategies, and task engagement. Among non-experts, simple elicitation
features—most notably numerical anchors and incentives for accuracy—substantially
improve performance, although they do not eliminate the expert—lay gap.

The differences in predictive beliefs uncovered in our experiments may have first-
order implications outside the survey context. Misperceptions about the effects of
policy interventions can weaken support for evidence-based reforms, from education
and social insurance to broader structural policies. An important task for future re-
search is to evaluate which scalable communication and elicitation designs (e.g. credible
quantitative benchmarks, accuracy incentives, and structured reasoning prompts) can
be deployed in real policy communication, and whether they durably improve belief

formation in the field.
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A Conceptual Framework

This section describes a parsimonious framework to interpret (i) why experts forecast
experimental outcomes more accurately than non-experts, (ii) why accuracy among
non-experts is strongly related to education and engagement, and (iii) why simple
elicitation features—anchors, incentives, and experience—can improve non-expert ac-
curacy without fully eliminating the gap in forecasting accuracy between experts and
non-experts. The framework treats the prediction task as an inference problem in
which agents combine a prior with task information, but differ in (a) the accuracy
of their priors and (b) the degree to which they engage in structured reasoning when

mapping information into a quantitative forecast.

A.1 Object of prediction and information in the task

Let 6 € R denote the unknown experimental object respondents are asked to forecast.
In the application, # can be baseline support for increased education spending or a
treatment effect (e.g., the difference in support between an information arm and con-
trol). Respondents observe a common description of the experimental design, denoted
by D, which is informative about € but does not reveal the outcome itself.

We assume that D can be summarized by a “structural” or “design-implied” signal

s(D), capturing information about the object respondents are asked to forecast via

SD)=0+z, =~ N(O0,07),

where o2 captures the remaining uncertainty about the object @ even after learning
the experimental design (e.g., because treatment effects depend on behavioral responses

that are difficult to anticipate).

A.2 Priors and miscalibration

Each individual 7 begins with a subjective prior over €, which we define as

0 ~ N(,U@, US,i)?

where u; captures prior beliefs, and a&i captures perceived uncertainty. We allow

1; to vary across experts and non-experts and within each group.
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A key mechanism uncovered by our experiments is that errors in priors translate into
errors in forecasts. Define the prior miscalibration term b; = p; — 6. Cross-sectional
heterogeneity in p; therefore generates persistent heterogeneity in forecast accuracy

even when all individuals observe the same task description D.

A.3 The formation of forecasts

We model prediction as a two-step process: Individuals (i) decide how much cognitive
effort to devote to the task, and (ii) produce a point forecast by combining their prior

with the information contained in D.

Effort choice Individuals translate the experimental description D into a usable
quantitative signal. This process involves a comprehension error v — (e;) which depends
on costly cognitive effort (attention, careful reading, deliberate calculation), denoted
by e; > 0. Greater effort reduces the noise with which the individual extracts the signal
from the design description.

Specifically, the individual’s internal representation of the design-implied signal is

for a chosen effort e; is

5 =s(D)+vi(e;) =0+ ¢+ v(e), vi(e;) ~ N (0,07 ,(ei))

2

v,

with o7 ,(-) decreasing in e;. In principle, o7 ,(-) captures a broad class of errors:
misreading the design, failing to condition on treatment arms, confusion about baseline
versus treatment effects, and difficulty translating qualitative reasoning into a numer-
ical forecast.

Intuitive processing corresponds to low e; (large aii), while structured reasoning
corresponds to higher e; (smaller o7.,).

Individuals choose effort to maximize expected payoff from accuracy net of effort
costs:

max ;- IE[—(@AZ — 9)2] - cileym)

e; >0

Vv
Gain of accuracy Cost of accuracy

where ¢;(-) covers all costs of effort, including mental fatigue, opportunity cost, or
time cost, and is increasing and convex. We allow the cost of cognitive effort to de-
pend on an individual’s reasoning strategy. Let r; € {I, D} index whether respondent

i primarily relies on intuition (/) or on more structured, deductive reasoning (D), as
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measured in our open-ended responses. For a given effort level e, structured reasoners
face lower marginal (and hence total) costs of deliberation ¢(e; D) < ¢(e; I'). This for-
mulation captures that deductive reasoning is not merely “more effort”, but a different
mode of processing. Individuals trained in structured thinking can translate a complex
task description into quantitative implications using established mental routines (e.g.,
decomposition into baseline and treatment effects, back-of-the-envelope calculations,
consistency checks). As a result, a given increase in effort is less exhausting and less
time-consuming for deductive reasoners than for intuitive reasoners, for whom sus-
tained reflection is more cognitively demanding. The parameter \; scales the private
return to accuracy (i.e. how much the person cares about being accurate).
Considering the loss function L;(e;) = (f; — 0)2, which is decreasing in e;, the

optimum satisfies

Ai(=Lie7)) = cileq, i),

This suggests that the optimal effort, e*, is chosen such that the marginal benefit
of effort (reduction in expected squared error), valued at \;, equals the marginal cost
of effort.

Forecasting The effort chosen in the previous step determines the accuracy of the
extracted signal §; that individuals will use as input for the forecasting task. Given
this signal, the Bayesian posterior mean under the Gaussian structure (i.e. priors and
noise terms are Normal (Gaussian), and the signals are linear with additive Normal

noise) is a weighted combination of priors and the extracted signal

2
90,

0+ 03+ oy(e)

1

From this formation of posteriors, we can identify three sources of forecasting errors:

1. Prior miscalibration: if u; is biased, forecasts remain biased whenever w; < 1.

2. Noisy processing and low effort: if o,;(e;) is large, w; is small and forecasts stick
closely to the prior; moreover, conditional on w;, noise in §; inflates the variance

of forecast errors.

3. Cognitive reasoning strategy: reasoning strategies affect forecast errors by shifting

the cost of deliberation and therefore the chosen effort level e}. Intuitive respon-
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dents face higher effective costs of structured processing and thus optimally rely
more on their priors, whereas deductive reasoners find it less costly to engage
with the task and to extract the implications of the experimental design. In the
model, this is captured by allowing the effort cost to depend on strategy r;, which
generates systematic differences in forecast accuracy even when all respondents

observe the same task description.

A.4 Forecasting accuracy and elicitation design

Our experiments reveal that features of the elicitation design (especially monetary
incentives and numerical anchors) impact the prediction gap. The effects of these

features can be shown even in this simple conceptual framework.

Effort Monetary incentives directly raise A;, which should increase the optimal level
of effort that is chosen. According to the process underlying the formation of posteriors,

this should directly translate into lower forecast errors.

Numerical anchors Providing a salient and plausible benchmark a (e.g., drawn
from prior survey evidence) can partially substitute for a noisy prior by supplying an

externally grounded reference point. In this case, the anchor induces a prior shift
inA = (1 — ) + a, a; € [0, 1],

where a; captures the degree a respondent uses the anchor. The posterior forecast then

takes the same form as before, but with the anchor-adjusted prior mean

Anchoring improves accuracy whenever the anchor is, on average, better calibrated
than the individual’s original prior, i.e., when |a — 0| < |pu; — 6| for a substantial share
of respondents. The gains are predicted to be largest for respondents with initially
miscalibrated priors and for those who place relatively little weight on the design-

implied signal (low w;).

Experience In principle, our framework also offers an explanation for why experi-

ence might matter, even though the experimental results have demonstrated that this
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channel is of little practical relevance. Prior exposure to a related task can be captured
as lowering the cost of effort (or, equivalently, increasing processing efficiency). In the
model, experience either (i) shifts down the effort cost ¢;(e*,r;), or (ii) improves the
mapping from D into §; for a given effort level (a downward shift in o7,(e)). Either

mechanism raises effective w; and reduces reliance on the prior.

A.5 Experts versus non-experts

The expert—lay gap can be represented by differences in two key determinants. First,
experts tend to have better-calibrated priors (smaller bias in y;). Second, experts more
often rely on structured reasoning, raising the optimally chosen effort e* invested in
the task, reflecting scientific training and familiarity with structured, logical thinking
processes.

Among non-experts, education can shift the same determinants, although to a lesser
extent. More educated respondents may have priors that are closer to the true state
(smaller bias in ;) and may also find it less costly to process experimental descriptions,
for instance due to higher numeracy or greater familiarity with abstract reasoning. Still,
these effects are likely to be smaller than for experts, for whom structured reasoning

of this kind is routine and embedded in their day-to-day professional work.
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B Supplementary Tables

Table A1 Decriptive Statistics: Comparison of Microcensus and Survey Data

Information Prediction Elicitation .
. . Microcensus

Experiment Experiment
Female 0.494 0.498 0.500
Age (years) 44.802 44.634 46.292
Tertiary education degree 0.409 0.401 0.402
Born in Germany 0.941 0.942 0.993
2nd generation migrant 0.089 0.091 0.043
Employed 0.717 0.714 0.742
High income 0.361 0.367 0.587
North 0.093 0.088 0.099
South 0.289 0.287 0.238
East 0.174 0.173 0.213
West 0.444 0.452 0.450
N 3,133 6,177 266,200

Note: This table displays the mean value of basic covariates from the Microcensus in Germany 2020 and the representative
dataset we collected in 2020, split by the two experiments and using survey weights. "Female" is a binary variable with value
one for female respondents. "Age (years)" is the age of the respondent. "Tertiary education degree" is a binary variable taking
value one if the respondent has completed tertiary education (German "Abitur"). "Born in Germany" is a dummy variable
taking the value 1 if the respondent is born in Germany. "2nd Generation migrant" is a binary variable taking value 1 if both
parents of the respondent were not born in Germany. "Employed" is a dummy variable taking the value one if the respondent is
employed full-time, part-time, or self-employed. "High income" is a dummy variable taking value one if the respondent reports
a net household income at or above EUR 3,000 per month. "North", "West", "South", and "East" are binary variables taking

value one if the respondent lives in the respective region. Data sources: ifo Education Survey, Microcensus Germany 2020
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Table A2 Balancing Table: Information Experiment

No Information Information

Mean Std. Dev. Mean Std. Dev. Diff. in Means p-value

Information Provision

Being female 0.49 0.50 0.50 0.50 0.01 0.725
Age 44.40 14.15 45.00 14.23 0.60 0.394
Tertiary education degree  0.39 0.49 0.42 0.49 0.02 0.279
Living in West Germany  0.80 0.40 0.81 0.39 0.01 0.561
Net household income 10.39 4.75 10.66 4.74 0.27 0.223
Born in Germany 0.94 0.23 0.94 0.24 -0.01 0.482
Migration background 0.14 0.35 0.16 0.37 0.02 0.302
Being a parent 0.56 0.50 0.58 0.49 0.02 0.403
Being a teacher 0.05 0.22 0.04 0.19 -0.01 0.135
Being employed 0.73 0.44 0.71 0.46 -0.02 0.289
Information Acquisition
Being female 0.49 0.50 0.49 0.50 -0.01 0.830
Age 44.40 14.15 45.01 14.36 0.62 0.377
Tertiary education degree 0.39 0.49 0.42 0.49 0.02 0.304
Living in West Germany  0.80 0.40 0.82 0.39 0.02 0.305
Net household income 10.39 4.75 10.36 4.73 -0.03 0.897
Born in Germany 0.94 0.23 0.94 0.23 0.00 0.974
Migration background 0.14 0.35 0.16 0.37 0.02 0.322
Being a parent 0.56 0.50 0.54 0.50 -0.02 0.428
Being a teacher 0.05 0.22 0.04 0.20 -0.01 0.349
Being employed 0.73 0.44 0.72 0.45 -0.01 0.525

Note: Table summarizes weighted group means and standard deviations for two comparisons: control vs. information provision condition,
control vs. information acquisition condition. The net household income is indicated in income classes ranging from below €400 up to
€5,000 and more (in steps of €250). Average income class 10 corresponds to a net household income ranging from € 2,250 to € 2,500.
West Germany is a dummy equaling 1 if a respondent lives in a former West German state, and 0 if a respondent lives in a former East
German state. Migration background is a dummy equaling 1 if both parents of respondents are not born in Germany, and 0 otherwise.
Univ. entrance qualification is a dummy equaling 1 if a respondent has a higher education school degree, and 0 otherwise. Significance
levels: *p<0.1; **p<0.05; ***p<0.01. Data source: ifo Education Survey 2020.
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Table A3 Balancing Table: Prediction Experiment

Control Treatment

Mean Std. Dev. Mean Std. Dev. Diff. in Means  p-value

Incentive
Being female 0.50 0.50 0.50 0.50 -0.01 0.724
Age 44.53 14.24 44.90 14.48 0.37 0.611
Tertiary education degree  0.38 0.48 0.41 0.49 0.03 0.132
Living in West Germany 0.81 0.39 0.81 0.39 0.00 0.962
Net household income 10.41 4.72 10.64 4.73 0.22 0.325
Born in Germany 0.95 0.22 0.94 0.23 0.00 0.652
Migration background 0.15 0.36 0.16 0.36 0.01 0.634
Being a parent 0.56 0.50 0.55 0.50 -0.01 0.636
Being a teacher 0.04 0.20 0.04 0.18 -0.01 0.494
Being employed 0.70 0.46 0.71 0.45 0.01 0.509
Anchor
Being female 0.50 0.50 0.50 0.50 0.00 0.960
Age 44.53 14.24 44.01 14.25 -0.52 0.475
Tertiary education degree .38 0.48 0.39 0.49 0.01 0.560
Living in West Germany  0.81 0.39 0.80 0.40 -0.01 0.690
Net household income 10.41 4.72 10.69 4.87 0.28 0.241
Born in Germany 0.95 0.22 0.94 0.24 -0.01 0.306
Migration background 0.15 0.36 0.16 0.36 0.01 0.585
Being a parent 0.56 0.50 0.53 0.50 -0.03 0.244
Being a teacher 0.04 0.20 0.05 0.21 0.01 0.560
Being employed 0.70 0.46 0.72 0.45 0.02 0.370
Experience
Being female 0.50 0.50 0.50 0.50 -0.01 0.615
Age 44.53 14.24 44.79 14.28 0.25 0.668
Tertiary education degree  0.38 0.48 0.41 0.49 0.03* 0.067
Living in West Germany  0.81 0.39 0.81 0.40 -0.01 0.693
Net household income 10.41 4.72 10.49 4.74 0.08 0.664
Born in Germany 0.95 0.22 0.94 0.23 -0.01 0.497
Migration background 0.15 0.36 0.16 0.36 0.01 0.571
Being a parent 0.56 0.50 0.56 0.50 0.00 0.937
Being a teacher 0.04 0.20 0.04 0.20 0.00 0.819
Being employed 0.70 0.46 0.72 0.45 0.02 0.288

Note: Table summarizes weighted group means and standard deviations for three comparisons: control group vs. incentive treatment
condition, control group vs. anchor treatment condition and control group vs. experience treatment condition. The net household
income is indicated in income classes ranging from below €400 up to €5,000 and more (in steps of €250). Average income class
10 corresponds to a net household income ranging from € 2,250 to € 2,500. West Germany is a dummy equaling 1 if a respondent
lives in a former West German state, and 0 if a respondent lives in a former East German state. Migration background is a dummy
equaling 1 if both parents of respondents are not born in Germany, and 0 otherwise. Univ. entrance qualification is a dummy
equaling 1 if a respondent has a higher education school degree, and 0 otherwise. Significance levels: *p<0.1; **p<0.05; ***p<0.01.
Data source: ifo Education Survey 2020.
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Table A4 Expert Sample

N Mean St. Dev. Min Max

Being female 127 0.220 0.416 0 1
Age 66 53.197 11.554 32 74
Year of PhD 121 2002.347 11.378 1977 2019
Field of Study

Education economics 116 0.078 0.269 0 1
Empirical economics 127 0.906 0.294 0 1
Experimental economics 127 0.205 0.405 0 1

Note: Table reports means and standard deviations for the following expert characteristics: gender,
age, year of PhD and field of study. Data source: ifo Economists Panel 2020.
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Table A5 Population Preferences and (Non)-Expert Predictions

Dep. var.: Preference for Increased Education Spending

Prediction
Population Share Population Ezxperts
(1) (2) (3) (4) ()
Information Provision —0.183"**  —0.185**  —0.060"**  —0.060*** —0.160***
(0.022) (0.022) (0.007) (0.007) (0.018)
Information Acquisition — —0.053**  —0.055**  —0.070***  —0.069*** —0.120***
(0.021) (0.021) (0.007) (0.007) (0.014)
Age 0.004*** 0.001*
(0.001) (0.001)
Female —0.019 —0.017
(0.018) (0.014)
Tertiary education 0.088*** 0.058***
(0.019) (0.015)
East 0.057** 0.017
(0.023) (0.019)
Employed 0.032 —0.018
(0.021) (0.016)
High income —0.011 0.004
(0.019) (0.014)
Migration background —0.020 0.022
(0.033) (0.026)
Control group mean 0.774 0.471 0.648
Observations 3,133 3,120 3,072 3,069 381

Note: Survey-weighted linear regression estimates in columns 1 to 4. Unweighted OLS regression estimates for the expert sample in
column 5. Results in each column are based on a different data set. In columns 1 and 2, the dependent variable is a dummy variable
assuming the value 1 if participants respond spending should "increase" or "strongly increase". We regress the dependent variable on
a treatment variable indicating whether participants were assigned to the control, information provision or information acquisition
treatment group. In column 2, we add control variables. The set of control variables contains a "Female" dummy that is a binary
variable with value one for female respondents, "Age (years)" that indicates the age of the respondent, a "Tertiary education degree"
dummy taking value one if the respondent has completed tertiary education (German "Abitur"), a "2nd Generation migrant" taking
value 1 if both parents of the respondent were not born in Germany, an "Employed" dummy taking the value one if the respondent is
employed full-time, part-time, or self-employed, a "High income" dummy taking value one if the respondent reports a net household
income at or above EUR 3,000 per month, and an "East" dummy taking value one if the respondent lives in the respective region
(former GDR). In columns 3 to 5, we regress the population and expert predictions on average population support in treatment
and control conditions on the treatment indicator variable. We have three prediction observations per individual. The number of
non-experts in column 3 is 1,024. The number of experts in column 5 is 127. Standard errors in columns 3 to 5 are clustered at
individual level. Significance levels: *p<0.1; **p<0.05; ***p<0.01. Data sources: ifo Education Survey, ifo Economists Panel 2020
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Table A6 Treatment Effects on Non-Expert Predictions

Dep. wvar.: Predictions on Preference for Increased Education Spending

No Information Information Provision Information Acquisition

(1) (2) 3) (4) (5) (6)

Treatment:
Incentive 0.027* 0.024** 0.022** 0.021* 0.024** 0.023**
(0.012) (0.012) (0.010) (0.010) (0.011) (0.011)
Anchor 0.059*** 0.058*** 0.050*** 0.050*** 0.051%** 0.051%**
(0.013) (0.012) (0.011) (0.011) (0.011) (0.011)
Experience 0.012 0.010 0.006 0.005 0.022** 0.020**
(0.010) (0.010) (0.009) (0.009) (0.009) (0.009)
Age —0.0001 0.001** 0.0004*
(0.0003) (0.0002) (0.0003)
Female 0.002 —0.010 —0.004
(0.007) (0.006) (0.006)
Tertiary education 0.077*** 0.027*** 0.048***
(0.008) (0.007) (0.007)
East 0.017* 0.015* 0.021**
(0.010) (0.008) (0.009)
Employed —0.013 —0.014* —0.013
(0.008) (0.007) (0.008)
High income 0.024** 0.024*** 0.010
(0.008) (0.007) (0.007)
Migration background —0.022* —0.006 0.002
(0.012) (0.011) (0.011)
Control group mean 0.471 0.411 0.402
Observations 6,175 6,156 6,175 6,156 6,175 6,156

Note: Survey-weighted linear regression estimates. We regress population predictions about average population support for higher education
spending on the treatment indicator variable. Population support is a dummy variable assuming the value 1 if participants respond public
education spending should "increase" or "strongly increase". Sample sizes for experimental groups: incentive treatment (1,040), anchor
treatment (1,019), experience treatment (3,092), control group (1,024). Respondents in all treatment arms make predictions for the three
conditions in the information provision experiment: control (no information), information provision and information acquisition. In even
columns, we add control variables. The set of control variables contains a "Female" dummy that is a binary variable with value one for
female respondents, "Age (years)" that indicates the age of the respondent, a "Tertiary education degree" dummy taking value one if
the respondent has completed tertiary education (German "Abitur"), a "2nd Generation migrant" taking value 1 if both parents of the
respondent were not born in Germany, an "Employed" dummy taking the value one if the respondent is employed full-time, part-time,
or self-employed, a "High income" dummy taking value one if the respondent reports a net household income at or above EUR 3,000 per
month, and an "East" dummy taking value one if the respondent lives in the respective region (former GDR). Significance levels: *p<0.1;
**p<0.05; ***p<0.01. Data sources: ifo Education Survey, ifo Economists Panel 2020
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Table A7 Non-Expert Predictions: Heterogeneity by Education, Certainty Level and Spend-
ing Beliefs

Dependent Variable: Preference for Increased Education Spending

Population Non-Ezxpert Ezpert
Share Prediction Prediction
D=0 D=1

(1) (2) (3) 4)

Tertiary Education

Information Provision —0.183*** —0.036"*  —0.099*** —0.160***
(0.022) (0.009) (0.011) (0.018)
Information Acquisition —0.053** —0.054"*  —0.095*** —0.120™*
(0.021) (0.009) (0.011) (0.014)
Constant 0.774% 0.439** 0.525™* 0.648™*
(0.015) (0.011) (0.013) (0.017)
Observations 3,133 1,770 1,302 381

Certainty Level

Information Provision —0.183*** —0.055"**  —0.069*** —0.160***
(0.022) (0.009) (0.011) (0.018)
Information Acquisition —0.053** —0.061**  —0.083*** —0.120***
(0.021) (0.009) (0.011) (0.014)
Constant 0.774*** 0.451*** 0.504*** 0.648***
(0.015) (0.011) (0.014) (0.017)
Observations 3,133 1,857 1,215 381

Spending Beliefs

Information Provision —0.183*** —0.060"**  —0.061*** —0.160***
(0.022) (0.009) (0.011) (0.018)
Information Acquisition —0.053** —0.075**  —0.062*** —0.120***
(0.021) (0.009) (0.011) (0.014)
Constant 0.774** 0.495%** 0.437* 0.648***
(0.015) (0.011) (0.014) (0.017)
Observations 3,133 1,845 1,221 381

Note: Survey-weighted linear regression estimates in columns 1 to 3. Unweighted OLS regression estimates for the expert sample in
column 4. Split of non-expert sample by tertiary education (upper panel), prediction certainty (middle panel) and spending beliefs
(lower panel. Column 2 (3) shows regression results for the subsample dummy = 0 (= 1). The tertiary education dummy is 1 if an
individual has a tertiary education degree and 0 otherwise. The certainty dummy is 1 if the individual has high prediction certainty,
and 0 otherwise. In the lower panel, column 3 (2) summarizes regression results for respondents with an absolute difference between
believed and actual education spending above (below) median. Results in columns 1, 2 and 3/4 are based on a different data set.
In column 1, the dependent variable is a dummy variable assuming the value 1 if participants respond spending should "increase"
or "strongly increase". We regress the dependent variable on a treatment variable indicating whether participants were assigned to
the control, information provision or information acquisition treatment group. In columns 2 to 4, we regress the population and
expert predictions about average population support in treatment and control conditions on the treatment indicator variable. In
columns 2 to 4, we have three observations per individual. The number of non-experts in column 2 (3) is 619 (405). The number
of experts in column 3 is 127. The control group is the reference category. Standard errors in columns 2 to 4 are clustered at
individual level. Significance levels: *p<0.1; **p<0.05; ***p<0.01. Data sources: ifo Education Survey, ifo Economists Panel 2020
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Table A8 Expert Predictions: Heterogeneity by Field of Expertise, Certainty Level and
Spending Beliefs

Dependent Variable: Preference for Increased Education Spending

Population Non-Expert

Share Prediction Ezxpert Prediction

D=0 D=1
(1) (2) (3) 4)

Education Focus

Information Provision —0.183*** —0.060*** —0.157* —0.196***
(0.022) (0.007) (0.019) (0.062)
Information Acquisition —0.053** —0.070*** —0.117*** —0.154***
(0.021) (0.007) (0.015) (0.052)
Constant 0.774* 0.471% 0.646*** 0.673**
(0.015) (0.009) (0.018) (0.054)
Observations 3,133 3,072 354 27

Certainty Level

Information Provision —0.183*** —0.060*** —0.169*** —0.145***
(0.022) (0.007) (0.021) (0.033)
Information Acquisition —0.053** —0.070*** —0.123*** —0.115***
(0.021) (0.007) (0.016) (0.026)
Constant 0.774* 0.471% 0.651** 0.643**
(0.015) (0.009) (0.020) (0.032)
Observations 3,133 3,072 237 144
Spending Beliefs
Information Provision —0.183*** —0.060*** —0.164*** —0.140***
(0.022) (0.007) (0.019) (0.038)
Information Acquisition —0.053** —0.070*** —0.121** —0.107***
(0.021) (0.007) (0.016) (0.028)
Constant 0.774* 0.471% 0.646*** 0.643**
(0.015) (0.009) (0.021) (0.032)
Observations 3,133 3,072 234 132

Note: Survey-weighted linear regression estimates in columns 1 and 2. Unweighted OLS regression estimates for the expert sample
in columns 3 and 4. Split of expert sample by education focus (upper panel) and prediction certainty (lower panel). Column 3 (4)
shows regression results for the subsample dummy = 0 (= 1). The education focus dummy is 1 if an expert has education economics
of field of research and 0 otherwise. The certainty dummy is 1 if the expert has high prediction certainty, and 0 otherwise. In the
lower panel, column 4(3) summarizes regression results for experts with an absolute difference between believed and actual education
spending above (below) median. Results in columns 1, 2 and 3 to 4 are based on a different data set. In column 1, the dependent
variable is a dummy variable assuming the value 1 if participants respond spending should "increase" or "strongly increase". We
regress the dependent variable on a treatment variable indicating whether participants were assigned to the control, information
provision or information acquisition treatment group. In columns 2 to 4, we regress the population and expert predictions about
average population support in treatment and control conditions on the treatment indicator variable. In columns 2 to 4, we have
three observations per individual. The number of experts in column 3 (4) is 118 (9) in the upper panel and 79 (48) in the lower
panel. The control group is the reference category. Standard errors in columns 2 to 4 are clustered at individual level. Significance
levels: *p<0.1; **p<0.05; ***p<0.01. Data sources: ifo Education Survey, ifo Economists Panel 2020
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Table A9 Examples Coding Scheme

Category

Examples

Knowledge/Deduction

Deduction

Knowledge

Gut feeling
Gut feeling

Other

News

Personal situation

Other

Don’t Know

'T thought that in the first case, people would assume that
more should be spent on pupils, as there is widespread talk
of problems in schools. In the second case, it would be less,
as the expenditure probably seems high, and in the third case
perhaps even less, as people may have been even more sur-
prised at how high the expenditure is when they clicked on
it.’

"Overall, spending on education in Germany is far too low.
People recognise that conditions for good education in schools
are getting worse and worse... lots of career changers, less
qualified teachers, large classes, high proportion of foreigners,
migrants, inclusion... lots of reforms in schools... Basically,
there is a lack of money! Now, there are certainly people
who believe that spending over €7,000 per pupil would be
sufficient.’

T just listened to my gut feeling |...]", 'Purely a matter of
feeling and thinking about how I myself would decide sponta-
neously’, 'I looked at what I would estimate or how I would
react myself, and then I just adjusted that a little bit, so
it’s rather inaccurate.’, 'I didn’t actually calculate anything.’,
"Purely emotional assessment’

"Utilisation of information from digital and print media’

"From personal experience |...]", 'From conversations with my
friends and family’
T think it is necessary to invest more in education |[...|’

T can’t explain it’

Note: Table summarizes the coding strategy for the open-text question: ’Next, we would like to know how you arrived at
your answers to the estimates in the last question. Please briefly describe as accurately as possible your thought process in
arriving at your answer.”. Answers are manually assigned to one of the following codes: knowledge, deduction, gut feeling,
news, personal situation, don’t know and other. We cluster the different codes to three categories: "Knowledge/Deduction’,
’Gut Feeling’ and ’Other’ Data source: ifo Education Survey 2020.
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Table A10 Non-Expert Predictions: Heterogeneity by Answer Strategy

Dependent Variable: Preference for Increased Education Spending

Population
Share

(1)

Non-FExpert Prediction

Gut
Feeling

(2) 3)

Other

Knowledge/
Deduction

(4)

Ezxpert
Prediction

()

Information Provision
Information Acquisition

Constant

—0.183"*
(0.022)
—0.053*
(0.021)
0774
(0.015)

—0.042*  —0.045"
(0.010) (0.016)
—0.054™*  —0.057"
(0.010) (0.017)
0.444 0.451**
(0.012) (0.024)

—0.105"**
(0.014)
—0.108"*
(0.014)
0.566*
(0.015)

—0.160"**
(0.018)
—0.1207*
(0.014)
0.648"*
(0.017)

Observations

3,133

1,395 537

888

381

Note: Survey-weighted linear regression estimates in columns 1 to 4. Unweighted OLS regression estimates for the expert sample in column 5. Split
of non-expert sample by answer strategy. Column 2 - 4 show regression results for the three different answer strategies: gut feeling, other and
knowledge/deduction. Results in columns 1, 2 - 4 and 5 are based on different data sets. In column 1, the dependent variable is a dummy variable
assuming the value 1 if participants respond spending should "increase" or "strongly increase". We regress the dependent variable on a treatment
variable indicating whether participants were assigned to the control, information provision or information acquisition treatment group. In columns
2 to 5, we regress the population and expert predictions about average population support in treatment and control conditions on the treatment
indicator variable. In columns 2 to 5, we have three observations per individual. Number of respondents in columns 2 to 4: 465, 179 and 296. The
number of experts in column 3 is 127. The control group is the reference category. Standard errors in columns 2 to 5 are clustered at individual level.

Significance levels: *p<0.1; **p<0.05; ***p<0.01. Data sources: ifo Education Survey, ifo Economists Panel 2020
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Table A11 Expert Predictions: Heterogeneity by Answer Strategy

Dependent Variable: Preference for Increased Education Spending

Population Non-Ezxpert .y
Share Prediction Eapert Prediction
Gut Knowledge/
Other Feeling Deduction
(1) 2) 3) 4) (5)
Information Provision —0.183"* —0.060"** —0.176* —0.211" —0.183**
(0.022) (0.007) (0.067) (0.038) (0.029)
Information Acquisition —0.053** —0.070"* —0.129* —0.146™ —0.133"*

(0.021) (0.007) (0.055) (0.027) (0.025)
Constant 0.774* 0471 0.690" 0711 0.664*
(0.015) (0.009) (0.087) (0.044) (0.027)

Observations 3,133 3,072 21 45 147

Note: Survey-weighted linear regression estimates in columns 1 and 2. Unweighted OLS regression estimates for the expert sample in columns 3 to
5. Split of expert sample by answer strategy. Column 3 - 5 show regression results for the three different answer strategies: other, gut feeling and
knowledge/deduction. Results in columns 1, 2 and 3 - 5 are based on different data sets. In column 1, the dependent variable is a dummy variable
assuming the value 1 if participants respond spending should "increase" or "strongly increase". We regress the dependent variable on a treatment
variable indicating whether participants were assigned to the control, information provision or information acquisition treatment group. In columns
2 to 5, we regress the population and expert predictions about average population support in treatment and control conditions on the treatment
indicator variable. In columns 2 to 5, we have three observations per individual. Note that an expert answer can get assigned more than one answer
strategy. Number of experts in columns 3 to 5: 7, 15 and 49. The control group is the reference category. Standard errors in columns 2 to 5 are
clustered at individual level. Significance levels: *p<0.1; **p<0.05; ***p<0.01. Data sources: ifo Education Survey, ifo Economists Panel 2020
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C Supplementary Figures

Figure B1 Population Preferences and (Non)-Expert Predictions

Control Information Provision Information Acquisition
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Note: The Figure shows densities for population preferences and non-expert and expert predictions. Treatment arms:
information provision and information acquisition. Participants in the control group (1,045) are asked: "In your opinion,
should public spending on schools in Germany increase, decrease or remain unchanged?" Participants in the information
provision condition (1,037) receive the information that average public spending on education in Germany amounts
to 7,300 Euros per student per year. Instead of seeing this information right away, participants in the information
acquisition treatment (1,051) could click on a button to find out about public spending per student. The dependent
variable is a dummy variable assuming the value 1 if participants respond spending should "increase" or "strongly
increase". Participants in the prediction sample (1,024) are first informed about the context: "The aim now is to estimate
the answers of other participants in this survey as accurately as possible. Some other participants are randomly divided
into three groups and asked about government spending on schools.". Then, the three different questions are given to
them explicitly marking the difference between conditions. In a third step, participants are asked to predict a number
for each condition: "What proportion of respondents do you think will answer "strongly increase" or "increase"?"
Calculations for the population are based on survey weights. Data source for population preferences and predictions:
ifo Education Survey 2020. For the expert predictions, 127 economists answered in the course of the Economists’ Panel:
"The aim now is for you to estimate the answers of the ifo Education Barometer 2020 survey participants as well as
possible. The ifo Education Barometer is currently surveying a representative sample of people between the ages of 18
and 69. The people are randomly divided into three groups and asked about state spending on schools. Group 1 ("No
information") answers the following question: (...). Group 2 ("Information") answered the following question: (...). All
three groups can choose between five possible answers when answering the question: "strongly increase", "increase",
"remain roughly unchanged", "decrease", "strongly decrease". What proportion of respondents do you think will answer
"strongly increase" or "increase"?". Population and non-expert sample weighted by survey weights. Data sources: ifo
Education Survey, ifo Economists Panel 2020
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Figure B2 Non-Expert Predictions split by Education
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Note: The Figure shows means and confidence intervals for population preferences and non-expert and expert predic-
tions. Population predictions are separately calculated for participants with and without university entrance degree.
Treatment arms: information provision and information acquisition. Participants in the control group (1,045) are asked:
"In your opinion, should public spending on schools in Germany increase, decrease or remain unchanged?" Participants
in the information provision condition (1,037) receive the information that average public spending on education in
Germany amounts to 7,300 Euros per student per year. Instead of seeing this information right away, participants in
the information acquisition treatment (1,051) could click on a button to find out about public spending per student.
The dependent variable is a dummy variable assuming the value 1 if participants respond spending should "increase"
or "strongly increase". Participants in the prediction sample (1,024) are first informed about the context: "The aim
now is to estimate the answers of other participants in this survey as accurately as possible. Some other participants
are randomly divided into three groups and asked about government spending on schools.". Then, the three different
questions are given to them explicitly marking the difference between conditions. In a third step, participants are asked
to predict a number for each condition: "What proportion of respondents do you think will answer "strongly increase"
or "increase"?" Calculations for the population are based on survey weights. Data source for population preferences
and predictions: ifo Education Survey 2020. For the expert predictions, 127 economists answered in the course of
the Economists’ Panel: "The aim now is for you to estimate the answers of the ifo Education Barometer 2020 survey
participants as well as possible. The ifo Education Barometer is currently surveying a representative sample of people
between the ages of 18 and 69. The people are randomly divided into three groups and asked about state spending on
schools. Group 1 ("No information") answers the following question: (...). Group 2 ("Information") answered the fol-
lowing question: (...). All three groups can choose between five possible answers when answering the question: "strongly
increase", "increase", "remain roughly unchanged", "decrease", "strongly decrease". What proportion of respondents
do you think will answer "strongly increase" or "increase"?". Population and non-expert sample weighted by survey
weights. Significance levels: *p<0.1; **p<0.05; ***p<0.01. Data sources: ifo Education Survey, ifo Economists Panel
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Figure B3 Non-Expert Predictions split by Prediction Certainty
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Note: The Figure shows means and confidence intervals for population preferences and non-expert and expert predic-
tions. Population predictions are separately calculated for different prediction certainty levels. We form two categories:
low (levels 1, 2, and 3) and high (levels 4, 5, 6 and 7). Treatment arms: information provision and information ac-
quisition. Participants in the control group (1,045) are asked: "In your opinion, should public spending on schools in
Germany increase, decrease or remain unchanged?" Participants in the information provision condition (1,037) receive
the information that average public spending on education in Germany amounts to 7,300 Euros per student per year.
Instead of seeing this information right away, participants in the information acquisition treatment (1,051) could click
on a button to find out about public spending per student. The dependent variable is a dummy variable assuming
the value 1 if participants respond spending should "increase" or "strongly increase". Participants in the prediction
sample (1,024) are first informed about the context: "The aim now is to estimate the answers of other participants
in this survey as accurately as possible. Some other participants are randomly divided into three groups and asked
about government spending on schools.". Then, the three different questions are given to them explicitly marking the
difference between conditions. In a third step, participants are asked to predict a number for each condition: "What
proportion of respondents do you think will answer "strongly increase" or "increase"?" Calculations for the population
are based on survey weights. Data source for population preferences and predictions: ifo Education Survey 2020. For
the expert predictions, 127 economists answered in the course of the Economists’ Panel: "The aim now is for you to
estimate the answers of the ifo Education Barometer 2020 survey participants as well as possible. The ifo Education
Barometer is currently surveying a representative sample of people between the ages of 18 and 69. The people are
randomly divided into three groups and asked about state spending on schools. Group 1 ("No information") answers
the following question: (...). Group 2 ("Information") answered the following question: (...). All three groups can
choose between five possible answers when answering the question: "strongly increase", "increase", "remain roughly
unchanged", "decrease", "strongly decrease". What proportion of respondents do you think will answer "strongly in-
crease" or "increase"?". Population and non-expert sample weighted by survey weights. Significance levels: *p<0.1;
**p<0.05; ***p<0.01. Data sources: ifo Education Survey, ifo Economists Panel 2020
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Figure B4 Expert Predictions split by Field of Expertise: Education Economics
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Note: The Figure shows means and confidence intervals for population preferences and non-expert and expert predic-
tions. Expert predictions are separately calculated for experts having/not having a research focus in education eco-
nomics. Treatment arms: information provision and information acquisition. Participants in the control group (1,045)
are asked: "In your opinion, should public spending on schools in Germany increase, decrease or remain unchanged?"
Participants in the information provision condition (1,037) receive the information that average public spending on
education in Germany amounts to 7,300 Euros per student per year. Instead of seeing this information right away,
participants in the information acquisition treatment (1,051) could click on a button to find out about public spending
per student. The dependent variable is a dummy variable assuming the value 1 if participants respond spending should
"increase" or "strongly increase". Participants in the prediction sample (1,024) are first informed about the context:
"The aim now is to estimate the answers of other participants in this survey as accurately as possible. Some other
participants are randomly divided into three groups and asked about government spending on schools.". Then, the three
different questions are given to them explicitly marking the difference between conditions. In a third step, participants
are asked to predict a number for each condition: "What proportion of respondents do you think will answer "strongly
increase" or "increase"?" Calculations for the population are based on survey weights. Data source for population pref-
erences and predictions: ifo Education Survey 2020. For the expert predictions, 127 economists answered in the course
of the Economists’ Panel: "The aim now is for you to estimate the answers of the ifo Education Barometer 2020 survey
participants as well as possible. The ifo Education Barometer is currently surveying a representative sample of people
between the ages of 18 and 69. The people are randomly divided into three groups and asked about state spending on
schools. Group 1 ("No information") answers the following question: (...). Group 2 ("Information") answered the fol-
lowing question: (...). All three groups can choose between five possible answers when answering the question: "strongly
increase", "increase", "remain roughly unchanged", "decrease", "strongly decrease". What proportion of respondents
do you think will answer "strongly increase" or "increase"?". Population and non-expert sample weighted by survey
weights. Data sources: ifo Education Survey, ifo Economists Panel 2020
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Figure B5 Expert Predictions split by Field of Expertise: Empirical Economics
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Note: The Figure shows means and confidence intervals for population preferences and non-expert and expert predic-
tions. Expert predictions are separately calculated for experts having/not having a research focus in empirical economics.
Treatment arms: information provision and information acquisition. Participants in the control group (1,045) are asked:
"In your opinion, should public spending on schools in Germany increase, decrease or remain unchanged?" Participants
in the information provision condition (1,037) receive the information that average public spending on education in
Germany amounts to 7,300 Euros per student per year. Instead of seeing this information right away, participants in
the information acquisition treatment (1,051) could click on a button to find out about public spending per student.
The dependent variable is a dummy variable assuming the value 1 if participants respond spending should "increase"
or "strongly increase". Participants in the prediction sample (1,024) are first informed about the context: "The aim
now is to estimate the answers of other participants in this survey as accurately as possible. Some other participants
are randomly divided into three groups and asked about government spending on schools.". Then, the three different
questions are given to them explicitly marking the difference between conditions. In a third step, participants are asked
to predict a number for each condition: "What proportion of respondents do you think will answer "strongly increase"
or "increase"?" Calculations for the population are based on survey weights. Data source for population preferences
and predictions: ifo Education Survey 2020. For the expert predictions, 127 economists answered in the course of
the Economists’ Panel: "The aim now is for you to estimate the answers of the ifo Education Barometer 2020 survey
participants as well as possible. The ifo Education Barometer is currently surveying a representative sample of people
between the ages of 18 and 69. The people are randomly divided into three groups and asked about state spending on
schools. Group 1 ("No information") answers the following question: (...). Group 2 ("Information") answered the fol-
lowing question: (...). All three groups can choose between five possible answers when answering the question: "strongly
increase", "increase", "remain roughly unchanged", "decrease", "strongly decrease". What proportion of respondents
do you think will answer "strongly increase" or "increase"?". Population and non-expert sample weighted by survey
weights. Significance levels: *p<0.1; **p<0.05; ***p<0.01. Data sources: ifo Education Survey, ifo Economists Panel
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Figure B6 Expert Predictions split by Field of Expertise: Experimental Economics
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Note: The Figure shows means and confidence intervals for population preferences and non-expert and expert predic-
tions. Expert predictions are separately calculated for experts having/not having a research focus in experimental eco-
nomics. Treatment arms: information provision and information acquisition. Participants in the control group (1,045)
are asked: "In your opinion, should public spending on schools in Germany increase, decrease or remain unchanged?"
Participants in the information provision condition (1,037) receive the information that average public spending on
education in Germany amounts to 7,300 Euros per student per year. Instead of seeing this information right away,
participants in the information acquisition treatment (1,051) could click on a button to find out about public spending
per student. The dependent variable is a dummy variable assuming the value 1 if participants respond spending should
"increase" or "strongly increase". Participants in the prediction sample (1,024) are first informed about the context:
"The aim now is to estimate the answers of other participants in this survey as accurately as possible. Some other
participants are randomly divided into three groups and asked about government spending on schools.". Then, the three
different questions are given to them explicitly marking the difference between conditions. In a third step, participants
are asked to predict a number for each condition: "What proportion of respondents do you think will answer "strongly
increase" or "increase"?" Calculations for the population are based on survey weights. Data source for population pref-
erences and predictions: ifo Education Survey 2020. For the expert predictions, 127 economists answered in the course
of the Economists’ Panel: "The aim now is for you to estimate the answers of the ifo Education Barometer 2020 survey
participants as well as possible. The ifo Education Barometer is currently surveying a representative sample of people
between the ages of 18 and 69. The people are randomly divided into three groups and asked about state spending on
schools. Group 1 ("No information") answers the following question: (...). Group 2 ("Information") answered the fol-
lowing question: (...). All three groups can choose between five possible answers when answering the question: "strongly
increase", "increase", "remain roughly unchanged", "decrease", "strongly decrease". What proportion of respondents
do you think will answer "strongly increase" or "increase"?". Population and non-expert sample weighted by survey
weights. Data sources: ifo Education Survey, ifo Economists Panel 2020
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Figure B7 Expert Predictions split by Field of Expertise: Macroeconomics
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Note: The Figure shows means and confidence intervals for population preferences and non-expert and expert predic-
tions. Expert predictions are separately calculated for experts having/not having a research focus in macroeconomics.
Treatment arms: information provision and information acquisition. Participants in the control group (1,045) are asked:
"In your opinion, should public spending on schools in Germany increase, decrease or remain unchanged?" Participants
in the information provision condition (1,037) receive the information that average public spending on education in
Germany amounts to 7,300 Euros per student per year. Instead of seeing this information right away, participants in
the information acquisition treatment (1,051) could click on a button to find out about public spending per student.
The dependent variable is a dummy variable assuming the value 1 if participants respond spending should "increase"
or "strongly increase". Participants in the prediction sample (1,024) are first informed about the context: "The aim
now is to estimate the answers of other participants in this survey as accurately as possible. Some other participants
are randomly divided into three groups and asked about government spending on schools.". Then, the three different
questions are given to them explicitly marking the difference between conditions. In a third step, participants are asked
to predict a number for each condition: "What proportion of respondents do you think will answer "strongly increase"
or "increase"?" Calculations for the population are based on survey weights. Data source for population preferences
and predictions: ifo Education Survey 2020. For the expert predictions, 127 economists answered in the course of
the Economists’ Panel: "The aim now is for you to estimate the answers of the ifo Education Barometer 2020 survey
participants as well as possible. The ifo Education Barometer is currently surveying a representative sample of people
between the ages of 18 and 69. The people are randomly divided into three groups and asked about state spending on
schools. Group 1 ("No information") answers the following question: (...). Group 2 ("Information") answered the fol-
lowing question: (...). All three groups can choose between five possible answers when answering the question: "strongly
increase", "increase", "remain roughly unchanged", "decrease", "strongly decrease". What proportion of respondents
do you think will answer "strongly increase" or "increase"?". Population and non-expert sample weighted by survey
weights. Data sources: ifo Education Survey, ifo Economists Panel 2020
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Figure B8 Expert Predictions split by Prediction Certainty
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Note: The Figure shows means and confidence intervals for population preferences and non-expert and expert pre-
dictions. Expert predictions are separately calculated for different prediction certainty levels. We examine the two
categories: low (levels 1, 2, and 3) and high (levels 4, 5, 6 and 7). Treatment arms: information provision and in-
formation acquisition. Participants in the control group (1,045) are asked: "In your opinion, should public spending
on schools in Germany increase, decrease or remain unchanged?" Participants in the information provision condition
(1,037) receive the information that average public spending on education in Germany amounts to 7,300 Euros per
student per year. Instead of seeing this information right away, participants in the information acquisition treatment
(1,051) could click on a button to find out about public spending per student. The dependent variable is a dummy
variable assuming the value 1 if participants respond spending should "increase" or "strongly increase". Participants in
the prediction sample (1,024) are first informed about the context: "The aim now is to estimate the answers of other
participants in this survey as accurately as possible. Some other participants are randomly divided into three groups
and asked about government spending on schools.". Then, the three different questions are given to them explicitly
marking the difference between conditions. In a third step, participants are asked to predict a number for each condi-
tion: "What proportion of respondents do you think will answer "strongly increase" or "increase"?" Calculations for
the population are based on survey weights. Data source for population preferences and predictions: ifo Education
Survey 2020. For the expert predictions, 127 economists answered in the course of the Economists’ Panel: "The aim
now is for you to estimate the answers of the ifo Education Barometer 2020 survey participants as well as possible. The
ifo Education Barometer is currently surveying a representative sample of people between the ages of 18 and 69. The
people are randomly divided into three groups and asked about state spending on schools. Group 1 ("No information")
answers the following question: (...). Group 2 ("Information") answered the following question: (...). All three groups
can choose between five possible answers when answering the question: "strongly increase", "increase", "remain roughly
unchanged", "decrease", "strongly decrease". What proportion of respondents do you think will answer "strongly in-
crease" or "increase"?". Population and non-expert sample weighted by survey weights. Significance levels: *p<0.1;
**p<0.05; ***p<0.01. Data sources: ifo Education Survey, ifo Economists Panel 2020
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Figure B9 Distribution of Spending Belief Differences
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Note: Figure depicts the distribution spending beliefs for experts and non-experts, as well as actual education spending,
depicted via the black dotted vertical line. We exclude observations above the 99th percentile as outliers. The true value
of per student education spending is 7,300 Euro. In the expert sample, the mean is 7,646 Euro (standard deviation is
5,077 Euro and median is 7,000 Euro). In the non-expert sample, the mean is 4,685 Euros (standard deviation is 6,565
Euros and median is 2,000 Euros). Data sources: ifo Education Survey, ifo Economists Panel 2020.
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Figure B10 Non-Expert Predictions split by Prior Beliefs
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Note: The Figure shows means and confidence intervals for population preferences as well as non-expert and expert
predictions. Population predictions are separately calculated for participants according to their education spending
beliefs. We take the absolute difference between respondents’ spending belief and actual education spending (EUR
7,300 per student) and create a dummy variable that takes value 1 if the absolute difference is above the median
difference, and 0 otherwise. The median difference in education spending belief is 6,300 Euros for non-experts. Treatment
arms: information provision and information acquisition. Participants in the control group (1,045) are asked: "In
your opinion, should public spending on schools in Germany increase, decrease or remain unchanged?" Participants
in the information provision condition (1,037) receive the information that average public spending on education in
Germany amounts to 7,300 Euros per student per year. Instead of seeing this information right away, participants in
the information acquisition treatment (1,051) could click on a button to find out about public spending per student.
The dependent variable is a dummy variable assuming the value 1 if participants respond spending should "increase"
or "strongly increase". Participants in the prediction sample (1,024) are first informed about the context: "The aim
now is to estimate the answers of other participants in this survey as accurately as possible. Some other participants
are randomly divided into three groups and asked about government spending on schools.". Then, the three different
questions are given to them explicitly marking the difference between conditions. In a third step, participants are
asked to predict a number for each condition: "What proportion of respondents do you think will answer "strongly
increase" or "increase"?" Calculations for the population are based on survey weights. Data source for population
preferences and predictions: ifo Education Survey 2020. For the expert predictions, 127 economists answered in the
course of the Economists’ Panel: "The aim now is for you to estimate the answers of the ifo Education Barometer 2020
survey participants as well as possible. The ifo Education Barometer is currently surveying a representative sample
of people between the ages of 18 and 69. The people are randomly divided into three groups and asked about state
spending on schools. Group 1 ("No information") answers the following question: (...). Group 2 ("Information")
answered the following question: (...). All three groups can choose between five possible answers when answering
the question: "strongly increase", "increase", "remain roughly unchanged", "decrease", "strongly decrease". What
proportion of respondents do you think will answer "stredgly increase" or "increase"?". Population and non-expert
sample weighted by survey weights. Significance levels: *p<0.1; **p<0.05; ***p<0.01. Data sources: ifo Education
Survey, ifo Economists Panel 2020



Figure B11 Expert Predictions split by Education Spending Beliefs
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Note: The Figure shows means and confidence intervals for population preferences as well as non-expert and expert
predictions. Expert predictions are separately calculated for experts being above/below the median of the absolute
difference in education spending. The absolute spending difference is experts’ spending beliefs minus actual education
spending. Treatment arms: information provision and information acquisition. Participants in the control group (1,045)
are asked: "In your opinion, should public spending on schools in Germany increase, decrease or remain unchanged?"
Participants in the information provision condition (1,037) receive the information that average public spending on
education in Germany amounts to 7,300 Euros per student per year. Instead of seeing this information right away,
participants in the information acquisition treatment (1,051) could click on a button to find out about public spending
per student. The dependent variable is a dummy variable assuming the value 1 if participants respond spending should
"increase" or "strongly increase". Participants in the prediction sample (1,024) are first informed about the context:
"The aim now is to estimate the answers of other participants in this survey as accurately as possible. Some other
participants are randomly divided into three groups and asked about government spending on schools.". Then, the three
different questions are given to them explicitly marking the difference between conditions. In a third step, participants
are asked to predict a number for each condition: "What proportion of respondents do you think will answer "strongly
increase" or "increase"?" Calculations for the population are based on survey weights. Data source for population
preferences and predictions: ifo Education Survey 2020. For the expert predictions, 127 economists answered in the
course of the Economists’ Panel: "The aim now is for you to estimate the answers of the ifo Education Barometer 2020
survey participants as well as possible. The ifo Education Barometer is currently surveying a representative sample of
people between the ages of 18 and 69. The people are randomly divided into three groups and asked about state spending
on schools. Group 1 ("No information") answers the following question: (...). Group 2 ("Information") answered the
following question: (...). All three groups can choose between five possible answers when answering the question:
"strongly increase", "increase", "remain roughly unchanged", "decrease", "strongly decrease". What proportion of
respondents do you think will answer "strongly increase" or "increase"?". Population and non-expert sample weighted
by survey weights. Data sources: ifo Education Survey, ifo Economists Panel 2020



Figure B12 Predictions of Non-Experts from the Experience Group

Prediction: Information Acquisition Prediction: Information Provision Prediction: Control
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Note: Figure shows treatment coefficients and confidence intervals for experience group participants. In the experience
treatment, participants take part in the information provision experiment and indicate their preference for or against
increased education spending in either one of the three experimental groups: control, information provision, information
acquisition. Participants are then asked to predict preferences for the other survey participants for the three different
conditions: control, information provision, information acquisition. Each panel in the figure depicts treatment effects
for one prediction. Survey weights are applied. Data sources: ifo Education Survey
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Figure B13 Non-expert Predictions split by Knowledge of Relevant Studies
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Note: The Figure shows means and confidence intervals for population preferences and non-expert and expert predic-
tions. Non-expert predictions are separately calculated for experts rather or strongly agreeing to know (10%)/not know
(90%) scientific studies focusing on support of education spending. The question asks: "Now we would like to revisit
how you approached the previous estimation questions. To what extent do the following statements apply to you?
I am familiar with scientific studies on support for education spending and based my answers on them." Treatment
arms: information provision and information acquisition. Participants in the control group (1,045) are asked: "In
your opinion, should public spending on schools in Germany increase, decrease or remain unchanged?" Participants
in the information provision condition (1,037) receive the information that average public spending on education in
Germany amounts to 7,300 Euros per student per year. Instead of seeing this information right away, participants in
the information acquisition treatment (1,051) could click on a button to find out about public spending per student.
The dependent variable is a dummy variable assuming the value 1 if participants respond spending should "increase" or
"strongly increase". Participants in the prediction sample (1,024) are first informed about the context. Then, the three
different questions are given to them explicitly marking the difference between conditions. In a third step, participants
are asked to predict a number for each condition: "What proportion of respondents do you think will answer "strongly
increase" or "increase"?" Calculations for the population are based on survey weights. Data source for population pref-
erences and predictions: ifo Education Survey 2020. For the expert predictions, 127 economists answered in the course
of the Economists’ Panel: "The aim now is for you to estimate the answers of the ifo Education Barometer 2020 survey
participants as well as possible. The ifo Education Barometer is currently surveying a representative sample of people
between the ages of 18 and 69. The people are randomly divided into three groups and asked about state spending on
schools. Group 1 ("No information") answers the following question: (...). Group 2 ("Information") answered the fol-
lowing question: (...). All three groups can choose between five possible answers when answering the question: "strongly
increase", "increase", "remain roughly unchanged", "decrease", "strongly decrease". What proportion of respondents
do you think will answer "strongly increase" or "increase"?". Population and non-expert sample weighted by survey
weights. Data sources: ifo Education Survey, ifo Economists Panel 2020



Figure B14 Non-expert Predictions split by Search for Information
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Note: The Figure shows means and confidence intervals for population preferences and non-expert and expert predic-
tions. Non-expert predictions are separately calculated for respondents rather or strongly agreeing to search (7%)/not
search (93%) for information online. The question asks: "Now we will look again at how you approached the previous
estimation questions. To what extent do the following statements apply to you? I searched for information on the
Internet in order to make the best possible estimate." Treatment arms: information provision and information ac-
quisition. Participants in the control group (1,045) are asked: "In your opinion, should public spending on schools in
Germany increase, decrease or remain unchanged?" Participants in the information provision condition (1,037) receive
the information that average public spending on education in Germany amounts to 7,300 Euros per student per year.
Instead of seeing this information right away, participants in the information acquisition treatment (1,051) could click
on a button to find out about public spending per student. The dependent variable is a dummy variable assuming the
value 1 if participants respond spending should "increase" or "strongly increase". Participants in the prediction sample
(1,024) are first informed about the context. Then, the three different questions are given to them explicitly marking
the difference between conditions. In a third step, participants are asked to predict a number for each condition: "What
proportion of respondents do you think will answer "strongly increase" or "increase"?" Calculations for the population
are based on survey weights. Data source for population preferences and predictions: ifo Education Survey 2020. For
the expert predictions, 127 economists answered in the course of the Economists’ Panel: "The aim now is for you to
estimate the answers of the ifo Education Barometer 2020 survey participants as well as possible. The ifo Education
Barometer is currently surveying a representative sample of people between the ages of 18 and 69. The people are
randomly divided into three groups and asked about state spending on schools. Group 1 ("No information") answers
the following question: (...). Group 2 ("Information") answered the following question: (...). All three groups can
choose between five possible answers when answering the question: "strongly increase", "increase", "remain roughly
unchanged", "decrease", "strongly decrease". What proportion of respondents do you think will answer "strongly in-
crease" or "increase"?". Population and non-expert sample weighted by survey weights. Significance levels: *p<0.1;
**p<0.05; ***p<0.01. Data sources: ifo Education Surveyégo Economists Panel 2020



Figure B15 Non-Expert Predictions split by Particular Effort
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Note: The Figure shows means and confidence intervals for population preferences and non-expert and expert predic-
tions. Non-expert predictions are separately calculated for respondents rather or strongly agreeing to try (91.5%)/not
try (8.5%) their best to estimate as accurately as possible. The questions asks: "Now we will look again at how you
approached the previous estimation questions. To what extent do the following statements apply to you? I tried
my best to estimate as accurately as possible." Treatment arms: information provision and information acquisition.
Participants in the control group (1,045) are asked: "In your opinion, should public spending on schools in Germany
increase, decrease or remain unchanged?" Participants in the information provision condition (1,037) receive the infor-
mation that average public spending on education in Germany amounts to 7,300 Euros per student per year. Instead of
seeing this information right away, participants in the information acquisition treatment (1,051) could click on a button
to find out about public spending per student. The dependent variable is a dummy variable assuming the value 1 if
participants respond spending should "increase" or "strongly increase". Participants in the prediction sample (1,024)
are first informed about the context. Then, the three different questions are given to them explicitly marking the
difference between conditions. In a third step, participants are asked to predict a number for each condition: "What
proportion of respondents do you think will answer "strongly increase" or "increase"?" Calculations for the population
are based on survey weights. Data source for population preferences and predictions: ifo Education Survey 2020. For
the expert predictions, 127 economists answered in the course of the Economists’ Panel: "The aim now is for you to
estimate the answers of the ifo Education Barometer 2020 survey participants as well as possible. The ifo Education
Barometer is currently surveying a representative sample of people between the ages of 18 and 69. The people are
randomly divided into three groups and asked about state spending on schools. Group 1 ("No information") answers
the following question: (...). Group 2 ("Information") answered the following question: (...). All three groups can
choose between five possible answers when answering the question: "strongly increase", "increase", "remain roughly
unchanged", "decrease", "strongly decrease". What proportion of respondents do you think will answer "strongly in-
crease" or "increase"?". Population and non-expert sample weighted by survey weights. Significance levels: *p<0.1;
**p<0.05; ***p<0.01. Data sources: ifo Education Surveyégo Economists Panel 2020



Figure B16 Expert Predictions split by Knowledge of Relevant Studies
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Note: The Figure shows means and confidence intervals for population preferences and non-expert and expert predic-
tions. Expert predictions are separately calculated for experts rather or strongly agreeing to know (N = 17)/not know
(N = 105) scientific studies focusing on support of education spending. The question asks: "Now we would like to
revisit how you approached the previous estimation questions. To what extent do the following statements apply to
you? I am familiar with scientific studies on support for education spending and based my answers on them." Treat-
ment arms: information provision and information acquisition. Participants in the control group (1,045) are asked:
"In your opinion, should public spending on schools in Germany increase, decrease or remain unchanged?" Participants
in the information provision condition (1,037) receive the information that average public spending on education in
Germany amounts to 7,300 Euros per student per year. Instead of seeing this information right away, participants in
the information acquisition treatment (1,051) could click on a button to find out about public spending per student.
The dependent variable is a dummy variable assuming the value 1 if participants respond spending should "increase" or
"strongly increase". Participants in the prediction sample (1,024) are first informed about the context. Then, the three
different questions are given to them explicitly marking the difference between conditions. In a third step, participants
are asked to predict a number for each condition: "What proportion of respondents do you think will answer "strongly
increase" or "increase"?" Calculations for the population are based on survey weights. Data source for population pref-
erences and predictions: ifo Education Survey 2020. For the expert predictions, 127 economists answered in the course
of the Economists’ Panel: "The aim now is for you to estimate the answers of the ifo Education Barometer 2020 survey
participants as well as possible. The ifo Education Barometer is currently surveying a representative sample of people
between the ages of 18 and 69. The people are randomly divided into three groups and asked about state spending on
schools. Group 1 ("No information") answers the following question: (...). Group 2 ("Information") answered the fol-
lowing question: (...). All three groups can choose between five possible answers when answering the question: "strongly
increase", "increase", "remain roughly unchanged", "decrease", "strongly decrease". What proportion of respondents
do you think will answer "strongly increase" or "increase"?". Population and non-expert sample weighted by survey
weights. Data sources: ifo Education Survey, ifo Economists Panel 2020



Figure B17 Expert Predictions split by Search for Information
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Note: The Figure shows means and confidence intervals for population preferences and non-expert and expert pre-
dictions. Expert predictions are separately calculated for experts rather or strongly agreeing to search (N = 12)/not
search (N = 111) for information online. The question asks: "Now we will look again at how you approached the
previous estimation questions. To what extent do the following statements apply to you? I searched for information
on the Internet in order to make the best possible estimate." Treatment arms: information provision and information
acquisition. Participants in the control group (1,045) are asked: "In your opinion, should public spending on schools in
Germany increase, decrease or remain unchanged?" Participants in the information provision condition (1,037) receive
the information that average public spending on education in Germany amounts to 7,300 Euros per student per year.
Instead of seeing this information right away, participants in the information acquisition treatment (1,051) could click
on a button to find out about public spending per student. The dependent variable is a dummy variable assuming the
value 1 if participants respond spending should "increase" or "strongly increase". Participants in the prediction sample
(1,024) are first informed about the context. Then, the three different questions are given to them explicitly marking
the difference between conditions. In a third step, participants are asked to predict a number for each condition: "What
proportion of respondents do you think will answer "strongly increase" or "increase"?" Calculations for the population
are based on survey weights. Data source for population preferences and predictions: ifo Education Survey 2020. For
the expert predictions, 127 economists answered in the course of the Economists’ Panel: "The aim now is for you to
estimate the answers of the ifo Education Barometer 2020 survey participants as well as possible. The ifo Education
Barometer is currently surveying a representative sample of people between the ages of 18 and 69. The people are
randomly divided into three groups and asked about state spending on schools. Group 1 ("No information") answers
the following question: (...). Group 2 ("Information") answered the following question: (...). All three groups can
choose between five possible answers when answering the question: "strongly increase", "increase", "remain roughly
unchanged", "decrease", "strongly decrease". What proportion of respondents do you think will answer "strongly in-
crease" or "increase"?". Population and non-expert sample weighted by survey weights. Significance levels: *p<0.1;
**p<0.05; ***p<0.01. Data sources: ifo Education Surveyégo Economists Panel 2020



Figure B18 Expert Predictions split by Particular Effort
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Note: The Figure shows means and confidence intervals for population preferences and non-expert and expert predic-
tions. Expert predictions are separately calculated for experts rather or strongly agreeing to try (N = 96)/not try (N =
28) their best to estimate as accurately as possible. The questions asks: "Now we will look again at how you approached
the previous estimation questions. To what extent do the following statements apply to you? I tried my best to estimate
as accurately as possible." Treatment arms: information provision and information acquisition. Participants in the
control group (1,045) are asked: "In your opinion, should public spending on schools in Germany increase, decrease or
remain unchanged?" Participants in the information provision condition (1,037) receive the information that average
public spending on education in Germany amounts to 7,300 Euros per student per year. Instead of seeing this informa-
tion right away, participants in the information acquisition treatment (1,051) could click on a button to find out about
public spending per student. The dependent variable is a dummy variable assuming the value 1 if participants respond
spending should "increase" or "strongly increase". Participants in the prediction sample (1,024) are first informed about
the context. Then, the three different questions are given to them explicitly marking the difference between conditions.
In a third step, participants are asked to predict a number for each condition: "What proportion of respondents do
you think will answer "strongly increase" or "increase"?" Calculations for the population are based on survey weights.
Data source for population preferences and predictions: ifo Education Survey 2020. For the expert predictions, 127
economists answered in the course of the Economists’ Panel: "The aim now is for you to estimate the answers of the ifo
Education Barometer 2020 survey participants as well as possible. The ifo Education Barometer is currently surveying
a representative sample of people between the ages of 18 and 69. The people are randomly divided into three groups
and asked about state spending on schools. Group 1 ("No information") answers the following question: (...). Group
2 ("Information") answered the following question: (...). All three groups can choose between five possible answers
when answering the question: "strongly increase", "increase", "remain roughly unchanged", "decrease", "strongly de-
crease". What proportion of respondents do you think will answer "strongly increase" or "increase"?". Population and
non-expert sample weighted by survey weights. Data sources: ifo Education Survey, ifo Economists Panel 2020
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