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Abstract

This thesis is a collection of three self contained essays in which we investigate how

people make use of information in di�erent economic contexts by conducting labo-

ratory experiments. Chapter 1 aims to investigate the consequences of information

asymmetry on negotiation between human beings. It is focused on the e�ect of a

well documented bias called the curse of knowledge. Our second and third chapters

explore how people summarise a probability distribution into a single point forecast.

We look at how the forecasts selected are related to the probability distributions

(chapter 2) and how the questions eliciting those forecasts in�uence this relationship

(chapter 3).



Zusammenfassung

Diese Doktorarbeit umfasst drei eigenständige Essays. In diesen Essays untersuchen

wir mithilfe von Laborexperimenten, wie Menschen in verschiedenen wirtschaftlichen

Kontexten mit Informationen umgehen. In Kapitel 1 werden die Auswirkungen von

Informationsassymetrie auf Verhandlungen erforscht. Der Schwerpunkt liegt dabei

auf einem umfassend dokumentierten Bias, dem curse of knowlege. Unser zweites

und drittes Kapitel untersuchen, wie Menschen eine Verteilung von Wahrschein-

lichkeiten in einer Punkt-Voraussage zusammenfassen. Wir betrachten, wie die aus-

gewählten Punkt-Voraussagen und die Wahrscheinlichkeitsverteilungen zusammen-

hängen (Kapitel 2) und wie die Fragen die erfragten Voraussagen diese Beziehung

beein�ussen (Kapitel 3).
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Preface

This thesis is a collection of three self-contained essays based on the analysis of

experimental data. To produce this document, three experiments were conducted

at the WZB-TU laboratory in Berlin and at the LEEL (Laboratory of Economic

Experiments at Laval University) in Quebec. In this work we present the purpose, the

features and the results of these experiments that we complement with a discussion

of our �ndings.

Our �rst chapter is a single author project that aims to investigate the e�ect of

the curse of knowledge during a negotiation. The curse of knowledge is a systematic

cognitive bias that a�ects an individual who receives private information. As a result

of this bias the better informed individual fails to appreciate the viewpoint of a lesser-

informed person. This leads him to behave as if part of his private information were

common knowledge.

The curse of knowledge alters many predictions derived from game theory which

involve asymmetry of information between the players. We report the results of a

laboratory experiment that was designed to isolate the e�ect of the curse of knowl-

edge by varying the information available to the players without modifying any other

dimension of the negotiation game. Contrarily to previous behavioural research on

negotiation behaviour, mostly based on motivated beliefs and actions, this work pro-

vides a purely non strategic explanation for negotiation frictions and can partially

explain empirically observed phenomenons such as abnormally high rates of bargain-
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ing failures.

The next two chapters, written in collaboration with Sabine Kröger, share a com-

mon theme and are part of a broader long term project exploring the elicitation of

expectations in surveys. In chapter two we investigate how point predictions relate

to expectations. Even though it is commonly assumed in theoretical models that

subjective expectations take the form of probability distributions, in most surveys,

expectations are measured by point predictions. The respondents are asked for their

best guess regarding the future realisation of the variable of interest. Therefore, it

is crucial to understand the relationship between the point predictions reported and

the distributional expectations in order to interpret the survey measures properly.

We set up a laboratory experiment where the participants predict the realisations of

random draws coming from di�erent distributions that are displayed on their screen.

By comparing the predictions reported with the the main central tendencies of these

distributions, we can gain a better understanding how the forecasts are chosen and

what information they convey about the individuals' subjective expectations. The

control provided by a laboratory experiment allows us to create situations in which

the distributions' tendencies are clearly separated. This allows us to discriminate

among these tendencies when exploring their impact on the forecasts selected.

In the third chapter, we keep the same framework as in the second chapter and study

how alternative forecasting questions can be employed to improve the information

gathered regarding individuals' subjective expectations. We design questions that

ix



aim to elicit forecasts matching a particular central tendency (median or mean) of

the probability distribution that the subjects see. We elicit the point forecasts in four

treatments, each with a di�erent question, and compare the predictions reported with

the distributions' characteristics. Furthermore, we thoroughly explore the cognitive

resources and abilities required to give correct answers to the di�erent questions in

order to evaluate the costs and bene�ts of each one of them.

To sum up, we provide here new experimental evidences highlighting the importance

of understanding how individuals use and summarise the information that they are

provided in order to properly interpret the expectations that they report in surveys

as well as the choices that they make in economic situations. Even thought they are

quite diverse, our three essays share a common methodological framework, i.e. the

analysis of experimental data gathered in the laboratory. Conducting experiments in

the laboratory allows us to explore relevant individual decisions while exerting a high

degree of control over the environment. This feature is essential in all three essays to

convincingly isolate the e�ects of the cognitive processes that we examine. It insures

us that no confounding factors resulting from a variation of the environment could

drive our results.
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Chapter 1

Negotiation under the curse of

knowledge

1

Published in the WZB discussion papers series: 

https://bibliothek.wzb.eu/pdf/2019/ii19-211r.pdf
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abstract

An individual is a�ected by the curse of knowledge when he fails to appreciate the

viewpoint of a lesser-informed agent. In contrast to a rational person, the cursed

individual behaves as if part of his private information were common knowledge.

This systematic cognitive bias alters many predictions derived from game theory

which involve an asymmetry of information between the players. We investigate in

this essay how the curse of knowledge modi�es individual behaviours in negotiation

situations. We report the results of a laboratory experiment that was designed to

isolate the e�ect of the curse of knowledge by varying the information available to

the players ceteris paribus. Our analysis of the expectations and choices of sub-

jects playing the ultimatum game in di�erent information settings indicates that the

curse of knowledge can lead to an increase of impasses in the negotiation and par-

tially explains empirically observed phenomenons such as abnormally high rates of

bargaining failures. Unlike previous behavioural research, that is mostly based on

motivated beliefs and actions, this work provides a purely nonstrategic explanation

for negotiation impasses observed in many real life situations.
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1.1 Introduction

Reaching a mutually bene�cial agreement is not as trivial in practice as it appears in

theory. This observation, deeply rooted in real life experience seems paradoxical in

light of classic microeconomic theory. Farber and Katz's (1979) model, for instance,

predicts that an agreement must be reached when the costs and risk associated with

third-party involvement exceed the potential bene�ts of litigation. Even though this

seems obvious from a rational point of view, the reality of negotiation situations

often di�ers from this prediction. One emblematic example of recent history is the

Apple Inc. vs. Samsung Electronics Co. patent litigation regarding the design of

smartphones. It lasted over four years, involved more than 50 lawsuits worldwide

and multiple trials in the U.S. including the intervention of the supreme court. The

costs and risks associated with third-party involvement clearly exceeded the poten-

tial bene�ts of a litigation. This discrepancy between theoretical predictions and

empirical observations has led many behavioural scientists to investigate the psycho-

logical biases that can impair people's ability to negotiate (see Caputo, 2013, for a

complete review of the articles on negotiation in behavioural sciences1 and Babcock

et al., 1995, for a prime example of this literature).

In this chapter, we contribute to this research agenda by investigating a cognitive

bias which may prevent bargainers from reaching an agreement in a negotiation

situation: the curse of knowledge. This work documents for the �rst time the e�ect

1�Negotiation" (Bazerman et al., 2000) also provides an interesting review of the articles on
biases in negotiation.
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of this bias in a negotiation situation. Indeed, as many bargaining problems involve

an asymmetry of information between the players in multiple dimensions, e.g. the

valuation of the good at stake or the outside options of the other party, the curse

of knowledge is likely to have substantial consequences on the settlement reached.

Does it distort the players' strategies? Can it be held responsible for part of the high

rate of impasse observed empirically? How does it a�ect the negotiation outcomes

when it interacts with the fairness preferences of the bargaining parties? Who is

most a�ected by this curse during a negotiation? Our goal is to investigate these

questions and provide some answers based on experimental data.

To �x ideas, let us consider the following hypothetical situation: two individuals are

working on a common project yielding an uncertain pro�t that they have to share

once their task is completed. The production process generating this pro�t is a black

box and each bargainer has access to some information regarding it. We explore the

role played by information asymmetry in this context by comparing a framework

where all information available is common knowledge to a condition where one (or

both) bargainer(s) possess a di�erent private information regarding the production

process. In the last scenario the curse of knowledge is likely to occur between the

two bargainers and to have an impact on their strategy. Therefore, it may modify

the outcome of the negotiation.

We conduct a laboratory experiment designed to isolate the causal e�ect of the curse

of knowledge on the outcome of a negotiation. We use the ultimatum game as

a stylised negotiation situation and a real e�ort task (a change-detection task) to

4



determine the proposer's endowment. It is via this task that we induce the curse of

knowledge in one of our treatments. By providing the respondents of our ultimatum

game with extra information regarding the task we can observe the causal e�ect of

the curse on both players' strategy.

Introduced into the economic literature by Camerer et al. (1989), the curse of knowl-

edge designates the inability of a better informed agent to appreciate the viewpoint

of a lesser-informed person. An individual a�ected by the curse thinks and behaves

as if part of his private information were common knowledge.2

Many behavioural economists have investigated this cognitive bias. Camerer et al.

(1989) have shown in an experiment that the curse of knowledge hurts privately

informed agents who are trading with lesser informed partners but that the market

experience in a double oral auction reduces the impact of the bias. Loewenstein and

Moore (2006) found that people are willing to purchase information that, due to the

curse of knowledge, negatively impacts their ability to form accurate expectations

regarding the performance of others and, ultimately, decreases their own pay-o�.

Danz (2013) showed that the curse of knowledge induces overcon�dence, leading to a

detrimental increase of self-selection into competition.3 These examples demonstrate

2The curse of knowledge is an interpersonal version of the hindsight bias Fischho� (1975) - i.e.
the concept, well documented in the psychology literature(Guilbault et al., 2004), that labels the
tendency to believe that �an event is more predictable after it becomes known than it was before it
became known" (Roese & Vohs, 2012). Both the curse of knowledge and the hindsight bias share
a common mathematical de�nition (Camerer et al., 1989). They are formalised as a failure of the
law of iterated expectations. A person su�ering from the hindsight bias exhibits a tendency to
forget how ignorant he was before the event occurred and thinks that he�knew it would happen"
(Fischho� & Beyth, 1973). Correspondingly, an agent under the curse of knowledge fails to take
into account the ignorance of others.

3As for results relative to the hindsight bias, here are a couple of examples: Bias and Weber
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the impact of the curse of knowledge in many economic contexts.

Our experimental design also constitutes a relevant contribution to the literature on

the role of information asymmetries in the ultimatum game, see Huck (1999) for a

comprehensive summary of the main �ndings regarding this topic. It is related to

many studies documenting the e�ect of information asymmetry in ultimatum games

such as Kagel et al. (1996) who conduct an experiment where the subjects play

an ultimatum game over the split of chips that have a di�erent monetary value

for the players. Their treatments vary with respect to the information available to

the players concerning the chip values of their partner. They �nd that di�erent

negotiation outcomes are triggered by the information conditions.

The novelty of our approach compared to Kagel et al. (1996) and most earlier work

on information asymmetries in the ultimatum game (Mitzkewitz & Nagel, 1993;

Rapoport & Sundali, 1996; Roth & Murnighan, 1982) is that our experiment is

tailored to shift the players' beliefs via the curse of knowledge without altering the

game itself. The features of the ultimatum game that is played remain identical in

the two treatments that we conduct, including the players' information regarding the

game. However, when Kagel et al.(1996) reveal information about the chip values to

their subjects in some of their treatments, they change an important aspect of the

game. If the chips have a di�erent value for the two bargainers, knowing these values

implies a trade-o� between e�ciency and equality that do not exist in the treatment

(2008) who show theoretically and experimentally that the hindsight bias leads to investors under-
estimating the volatility in �nancial markets, which impairs their investments performance; and
Danz et al. (2014) who �nd that principals su�ering from hindsight bias are less likely to delegate
optimally to agents in a delegation game.
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where this information is hidden. In this context, the subjects can follow di�erent

motives (maximising e�ciency or equality) in the di�erent treatments. Indeed, Kagel

et al.(1996) �nd that the subjects cherry-pick their most preferred motive, mostly

to their advantage, and that the treatment e�ect is at least partly due to motivated

actions. In our experiment the players' motives remain unchanged between the

treatments and the subjects have no motivation to believe that the endowment is

higher or lower. Their best strategy is to be as accurate as possible.

Our data show that the curse of knowledge has a causal impact on the negotiation

outcome in the ultimatum game. We �nd that when the respondents receive private

information regarding the real e�ort task that was used to determine the proposers'

endowments, they expect this endowment to be larger, due to the curse of knowledge,

and are more likely to reject o�ers that they would have accepted otherwise. In our

experiment, the bias increases the expected endowment and the lowest acceptable

o�er stated by the respondents by respectively 47% and 42% on average. As they

do not anticipate the e�ect of the curse on the respondents, the proposers report

similar expectations and do not adapt their strategies. They choose the same o�ers

across treatments. This leads to a higher rate of rejection and a lower pro�t in the

treatment where respondents are cursed by knowledge.

This chapter proceeds as follows. We present the experimental design in the next

section. In section 1.3 we derive our hypothesis from a simple behavioural model.

We report the results in section 1.4 and conclude in section 1.5.
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1.2 Experimental design

Our experiment is designed to observe the e�ect of the curse of knowledge on the

outcome of a negotiation between two parties. We use the ultimatum game as a

stylised negotiation situation and the change-detection task as a medium to trigger

the curse of knowledge. This task, explained in the following section, is used to

determine the proposer's endowment in the ultimatum game.

1.2.1 Change-detection task

The change-detection task consists of �nding the di�erence between two nearly iden-

tical pictures within a limited amount of time. The pictures are presented sequen-

tially in a 14-second video clip. They are displayed alternatively for one second

with a blank screen of 150 milliseconds in-between, i.e. the �rst image is displayed

followed by a blank screen, then the second image is displayed followed by another

blank screen. This sequence is repeated six times. At the end of the video clip the

�rst image appears again on the screen together with a red circle at the centre of

it. The subject performing the task has 20 seconds to move the circle where the

di�erence between the two pictures lies by clicking on the image. Figure 1.1 shows

an example of the change-detection task.

8



Figure 1.1: Example of the change-detection task.
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This type of task is used in the psychology literature to study change-blindness, i.e.

the inability or di�culty to detect changes (Rensink et al. 2000). It has also proven

to be an e�cient way to induce the curse of knowledge in previous economic studies

(Loewenstein et al. 2006, Danz 2013).4 This is due to the fact that, upon knowing

the right answer to a change-detection question, this answer appears trivial to the

informed party. This characteristic allows us to create an experimental framework

that isolates the e�ect of the curse of knowledge and to study its impact on the

negotiations between two participants.

1.2.2 Ultimatum game

The subjects play an ultimatum game where they must bargain over an endowment

M given to the proposer. M is determined by the performance of a third party, i.e.

another subject who played in a previous session, in a series of 10 change-detection

tasks. Each correct answer provided by the third party endows the proposer with 4e,

i.e. M ∈ {0, 4, 8, 12, ...,Mmax = 40}. The proposer's endowment is generated by a

third party in order to replicate the classic "windfall gain" version of the ultimatum

game where the proposer is not responsible for the endowment's size. This allows us

to compare our results to the most common framework for the ultimatum game in

the literature and to avoid the e�ect of having a proposer that is fully entitled to the

endowment, which may add noise to our results.

4We thank David Danz for providing us with the set of pictures that he used in his work.
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The proposer's endowment is private information, i.e. unknown to the respondent,

but the change-detection tasks are displayed to both players before the ultimatum

game starts. This feature is implemented to allow the participants to appreciate

the di�culty of the task and form expectations about M . It also permits us to

induce an asymmetry of information that triggers the curse of knowledge in one of

the experimental treatments.

The ultimatum game starts after the display of the change-detection task. An o�er

of s ∈ [0,M ]e is chosen by the proposer and a lowest acceptable o�er l ∈ [0,Mmax]

is chosen by the respondent. If s ≥ l the o�er is accepted and the proposer obtains

M − s e and the respondent s e. Otherwise, the o�er is rejected and both players

gain 0e.

The respondents are randomly assigned to two treatments in a between-subjects

design: the ctrl treatment where the change-detection task is displayed on every

player's screen in the same fashion and the CoK treatment where the di�erence

between the pictures is highlighted to the respondents only.5 The curse of knowledge

is triggered in this treatment since the respondents know the answer to the change-

detection task while the proposers and the third party performing the task do not

have access to this information.

In the two treatments, the game structure is common knowledge. It is explained

in the instructions to both the respondents and the proposers. This feature was

5This feature does not allow the respondent to infer the endowment since the third party's
answers are not observed in any of the treatments.
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implemented to guarantee that the instructions did not deceive the players in any

treatment. Consequently, the CoK treatment also di�ers with respect to the pro-

posers. Indeed, they know that the respondents have access to extra information

regarding the change-detection task during the experiment. This information may

have an e�ect on their strategy which renders non-trivial the impact of the bias on

the negotiation outcome. The proposers may foresee the e�ect of the CoK and adapt

their strategy or be blind to it and select the same o�ers in both treatments.

1.2.3 Experimental procedure

We conduct six sessions of the experiment using the software z-Tree (Fischbacher

2007). At the beginning of a session, every participant reads the complete set of

instructions that explains in detail the change-detection task, the way expectations

are recorded, the ultimatum game and the information structure. The instructions,

available in Appendix A.1, are common to all the participants within a treatment.

They contain the information relative to both roles, i.e. proposers and respondents,

and the subjects learn their role only at the end.

Afterwards, an experimental session proceeds as shown in Figure 1.2. In step (1),

each subject is randomly matched with another participant in the room and with a

third party who performed the change-detection task in a former session. Meanwhile,

in each group, one of the two subjects is randomly assigned the role of proposer and

the other the role of respondent.
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(1) (2) (3) (4) (5)

Role As-
signment &
Matching

Task Review
Endowment
Expectations

Strategy
Expectations

Ultimatum
Game

Figure 1.2: Time-line of the Experiment

During step (2), Task Review, the participants see the 10 change-detection questions

that were formerly answered by the third party. The timing of the tasks and the

breaks between questions are reproduced in the exact same way that the third party

experienced them when performing the task. The aim of this feature is to allow the

subjects to form beliefs about the size of the endowment.

In the ctrl treatment, all the questions appear on the participants' screens in the

exact same fashion as they were displayed to the subjects who performed them. In

the CoK treatment, the questions are presented to the respondents together with

their answers. The areas containing the di�erence between the two pictures are

highlighted by a blue rectangle that appear on the respondents' screens as shown

in Figure 1.3. This blue rectangle constitutes the only di�erence between the two

treatments.
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Figure 1.3: Example of the change-detection task in z-Tree

Respondents' Screen in the CoK Treatment

Once the players have seen the change-detection task, the experiment proceeds with

steps three to �ve. The participants (3) report their predictions regarding the size

of the endowment, (4) report their expectations regarding the choice of their group

member in the ultimatum game, and (5) choose their strategy for the ultimatum

game. When answering the expectations questions, the players receive no further

information. The proposers are informed of their endowment only during step (5).
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The two expectations are recorded in the form of a probability distribution. The

subjects are given bins that are labelled with a range of possible outcomes and have

to �ll these bins with probabilities that must add up to 100%. For example, to report

their expectations regarding the endowment M the subject assigns a probability that

it is: 0, [1, 4], [5, 8], [9, 12] and so on. The strategies in the ultimatum game consist

of typing a single number: for the proposer, his o�er to the respondent in his group;

for the respondent, her lowest acceptable o�er.

The players are informed of the outcomes in their group at the end of the experiment.

They are shown the proposer's endowments and o�er as well as the respondent's

lowest acceptable o�er. They are paid according to their choices in the ultimatum

game and earn 3e for the completion of the expectations tasks and a 5e show-up

fee.

1.3 Theory

This section is dedicated to the formalisation of our experimental framework as well

as the behavioural concepts that we use to formulate the hypotheses that are tested

in our data analysis. We characterise (1) the game's framework, (2) the concept of

curse of knowledge and, (3) the model of social preferences on which we base our

pre-experimental conjectures.
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1.3.1 Ultimatum game framework

In our experiment, a proposer p and a respondent r play an ultimatum game with

the endowment M ∈ [0,Mmax]. The proposer must suggest an o�er s ∈ [0,M ] while

the respondent chooses a lowest acceptable o�er l ∈ [0,Mmax]. If s ≥ l the o�er

is accepted and the proposer obtains M − s e and the respondent obtains s e.

Otherwise, the o�er is rejected and both players gain 0e.

p

(M − s, s)

Accept

(0, 0)

Reject

r

The proposer's endowment, M ∈

[0,Mmax], depends on how many tasks

from a set of 10 change-detection tasks

a third party solved in a previous session.

This set of tasks is displayed to both play-

ers before the ultimatum game starts. In

the control treatment, every player ob-

serves each task in the same fashion as

the third party while in the CoK treat-

ment the respondent is provided with the

answers to the 10 tasks while seeing them

on his screen.

All the game's features are common knowledge including the information displayed

to the respondent.6 Only the endowment M is the proposer's private information as

6The proposer knows whether he is playing against a respondent who knows the answers of the
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it is not observed by the respondent.

1.3.2 Curse of knowledge

The curse of knowledge designates the inability of a better-informed agent to appre-

ciate the viewpoint of a lesser-informed person. It can be formalised as a failure of

the law of iterated expectations (Camerer et al., 1989). Let us consider an event A

with expectation E[A] and two information sets I0 and I1 with I0 ⊆ I1, i.e. I1 is

strictly more informative than I0.

The law of iterated expectation implies that E[E[A|I0]|I1] = E[A|I0]. This means

that a rational agent must be able to compute the expectation E[A|I0] even though

he has access to the more informative set, I1, as long as I1 contains I0. In other

words, a rational person can ignore part of the information that he possesses in

order to construct the expectation E[A|I0] as if he only knew I0.

For an individual who su�ers from the curse of knowledge, we write E[E[A|I0]|I1] =

ωE[A|I1] + (1− ω)E[A|I0]. Where I1 is the information available to the individual,

I0 is the information set of the lesser-informed agent and ω is the degree of the curse

of knowledge exhibited by the individual. This notation implies that a cursed agent

is unable to construct E[A|I0] when they have access to the information set I1.

In our experimental framework, the respondent has to form expectations regarding

change-detection task.
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the third party's performance in the change-detection task in order to estimate the

proposer's endowment M . This requires him to apprehend the tasks' di�culty in

the perspective of the third party. In this setting, we can formalise the expectation

of a cursed respondent in the following way:

E[E[M |Ip]|Ir]r = ωE[M |Ir] + (1− ω)E[M |Ip]

Where E[E[M |Ip]|Ir]r is the expectation of the respondent regarding the endowment

M when having access to the information Ir while the other players only have access

to Ip.

In the ctrl treatment, where all the players have access to the same information

set, i.e. Ir = Ip, there is no room for the curse of knowledge to have any e�ect

on the respondent's beliefs regarding the endowment. For any ω it holds true that

E[E[M |Ip]|Ir]ctrlr = E[M |Ip] = E[M |Ir].

In contrast, the CoK treatment introduces an information asymmetry between the

respondent and the other players by displaying the answers to the change-detection

task on the respondent's screen. Assuming that if the third party was given all the

answers during the task he would obtain the highest endowment, i.e. E[M |Ir] =

Mmax, the respondent's expectation can be written as: E[E[M |Ip]|Ir]cokr = ωMmax +

(1− ω)E[M |Ip], leading us to formulate our �rst hypothesis:

Hypothesis 1a: The curse of knowledge results in upward biased expectations of the

respondents regarding the proposers' endowments in the CoK treatment: E[M ]cokr =
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ωMmax + (1− ω)E[M ]ctrlr > E[M ]ctrlr .

As the treatment only modi�es the respondents' information set, it must have no

e�ect on the proposers' expectations regarding their endowment.7

Hypothesis 1b: The proposers' expectations regarding their endowment is not af-

fected by the treatment: E[M ]cokp = E[M ]ctrlp .

With Hypothesis 1a we anticipate an e�ect of the curse of knowledge on the re-

spondents' expectations. Nevertheless this change in expectation does not necessarily

need to impact a respondent's strategy in the ultimatum game. Under the assump-

tion of rational agents who only care about their own pay-o�, the endowment M

plays no role in de�ning the best strategy for both players. The subgame perfect

Nash equilibrium is to accept any o�er higher than 0 for the respondent and to pro-

pose the smallest possible amount for the proposer. Nevertheless, as we will see in the

following section, introducing preferences for fairness in the players' utility functions

implies that the strategies of both players are a�ected by the curse of knowledge,

which leads to di�erent predictions than for the purely rational and sel�sh players.

1.3.3 Model of social preferences

We assume that the players' preferences can be represented by a utility function

taking into account both their own pay-o� and the other player's pay-o�. As in

7As speci�ed in the experimental design section, we record this expectation before the endowment
is revealed to the proposers.
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Fehr & Schmidt (2000) the utility of individual i matched with individual j for an

allocation π = (πi, πj) is expressed in the following way:

Ui(π) = πi − αimax[πj − πi, 0]− βimax[πi − πj, 0]

where it is assumed that i ̸= j βi ≤ αi and 0 ≤ βi ≤ 1. αi and βi are the coe�cients

of the inequality aversion of the individual. αi (βi) prevails when πj ≥ πi (πj < πi) as

it is assumed that individuals may have a di�erent tolerance for inequality depending

on whether their own pay-o� is the highest or lowest.

Applying these preferences to our game yields:

Up(s,M) = M − s− αpmax[2s−M, 0]− βpmax[M − 2s, 0] (1.1)

Ur(s,M) = s− αrmax[M − 2s, 0]− βrmax[2s−M, 0] (1.2)

To choose the optimal lowest acceptable o�er l, the respondent must form an expec-

tation regarding the realisation of M that we denote by E[M ]. We assume that the

respondent maximises his expected utility EUr(s, E[M ]).

In case of rejection by the respondent, the utility of both players is U(0, 0) = 0.

Thus, it is a dominated strategy for the respondent to accept any o�er s that yields

EUr(s, E[M ]) < 0. For any o�er s that yields EUr(s, E[M ]) > 0, the respondent's

best response is to accept that o�er. Hence, a rational respondent maximises his
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expected utility by choosing l such that8:

EUr(l, E[M ]) = EU(0, 0) = 0

⇒ 0 = l − αrmax[E[M ]− 2l, 0]

⇒ l =
αr

1 + 2αr

E[M ]

As Hypothesis 1a states that E[M ]cokr > E[M ]ctrlr for the respondents, we now

derive the following hypothesis regarding the respondents' strategy:

Hypothesis 2a: The respondents' lowest acceptable o�ers are higher in the CoK

treatment than in the ctrl treatment: lcok > lctrl.

The proposers maximise their utility as described in equation (1) by best responding

to the respondents choice of l. To do so, their strategy must be to choose a proposal

s such that:

s =

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

1+αp

1+2αp
M if l < 1+αp

1+2αp
M

[0, 1−βp

1−2βp
M ] if l > 1−βp

1−2βp
M

l otherwise

8Theoretically, the respondent also wants to choose a maximal acceptable o�er m above which
all proposals are rejected. This would yield the following decision criteria:

l =
αr

1 + 2αr
E[M ] if E[M ] > 2s

m =
−βr

1− 2βr
E[M ] if E[M ] < 2s

But since we do not allow our respondent to choose such a maximal acceptable o�er in our experi-
ment, we discuss only the choice rule for the minimal acceptable o�er l.
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With this strategy, a proposer ensures a minimum utility of 0 from the game when

the lowest acceptable o�er of the respondent is too high to �nd a mutually bene�cial

split and extracts the maximum utility from the game when the respondent selects

a lowest acceptable that leaves room for a compromise. Assuming that a relevant

number of proposers choose s = l, we obtain :

Hypothesis 2b: The proposers' o�ers are higher in the CoK treatment than in the

ctrl treatment: scok > sctrl.

Yet an increase in l also means that a lower ratio of settlements may be reached.

Indeed, the number of respondents reporting a lowest acceptable o�er too high to be

met by a reasonable proposal, i.e. l > 1−βp

1−2βp
M , may increase in the CoK treatment as

the lowest acceptable o�ers become larger. De�ning settle as the ratio of settlements

reached, we conjecture that

Hypothesis 3: The ratio of settlements is lower in the CoK treatment than in the

ctrl treatment: settlecok < settlectrl.

Finally, to close our theoretical framework, we assume that the players hold correct

beliefs regarding their group member's strategy, i.e. they use the model to form

their beliefs about the strategy chosen by the other person in their group and these

beliefs correspond to the strategies that are played. This assumption, coupled with

the hypotheses 2a and 2b, leads us to the two following hypotheses:
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Hypothesis 4a: The respondents' expectations regarding the proposers' o�ers are

higher in the CoK treatment than in the ctrl treatment: E[s]cok > E[s]ctrl.

Hypothesis 4b: The proposers' expectations regarding the respondents' lowest ac-

ceptable o�er are higher in the CoK treatment than in the ctrl treatment: E[l]cok >

E[l]ctrl.

Note that the assumption of correct beliefs which allows us to close the model and

derive Hypothesis 4a and Hypothesis 4b is not necessary for Hypothesis 3 to

hold. Assuming that the proposers are myopic to the e�ect of the curse of knowledge

on the respondents' strategies would also result in lower chances of settlement in

the CoK treatment. The respondents would increase their lowest acceptable offer

while the proposers would not change their offer, which would result in a higher

likelihood of rejection as well.

To sum up, our theoretical model predicts a shift in the expectations and the strate-

gies of both players between the two treatments. This shift, due to the curse of

knowledge, would result in a di�erent allocation of the endowment in favour of the

respondent and in a lower rate of settlements. This scenario and all our hypotheses

are tested in the following section.
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1.4 Results

In this section, we analyse the results collected during our experiment. First, we

brie�y expose our sample's descriptive statistics. We then specify which variables of

interest are examined and how they are computed. We present our �ndings, starting

with the respondents' decisions before turning to the proposers' decisions. For each

role we present the average treatment e�ects on the expectations and strategies

of our subjects and explore the treatment e�ect on the complete distributions of

behaviours in our sample. Note that we consider a result to be signi�cant when the

p-value associated with its test statistic is lower than 5% (unless otherwise speci�ed).

1.4.1 Descriptive statistics

The descriptive statistics of our experiment are summarised in Table 1.1. Overall,

136 subjects participated in six sessions that were conducted in September 2018.9

The participants were randomly assigned to the ctrl or to the CoK treatment and

to the role of proposer or respondent. Hence, 34 independent observations were

collected per treatment for each role.

9Another 24 subjects participated in a pilot session conducted in August. They were used as
the third-party for our main experiment. They performed the change-detection task under the
same incentive scheme (4e per right answer) and their performance in this task determined the
proposers' endowments in the main experiment.
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Treatment

CoK ctrl both

# of Subjects 68 68 136

Age (year) 25.2 25 25.1

Gender (1=man) 0.57 0.57 0.57

Endowment (e) 11.3 11.3 11.3

Pro�t in UG (e) 3.1 3.6 3.4

Total gain (e) 11.1 11.6 11.4

Table 1.1: Descriptive Statistics

The statistics presented in Table 1.1 show that our sample is balanced in terms

of age and gender, respectively 25 years old on average and 57% of male in both

treatments. The average proposer's endowment is 11.3e10 and the pro�t from the

ultimatum game is, on average, 3.4e. It is a little smaller for the treated group than

for the control group. This pro�t is added to the 5e show up fee and the 3e paid to

all subjects after they answered the expectation questions. This results in an average

payment of 11.4e.

10This endowment is equal in both treatments because only one session with the third parties
performing the change-detection task was conducted in August 2018. The performance of the 24
subjects participating in this session was used to determine the endowments in each of the six
sessions conducted afterwards and analysed in this document.
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1.4.2 Treatment comparison

The endowment M , the proposal s and the lowest acceptable o�er l are recorded

as scalars and can be analysed without further transformations. All expectations

are recorded in the form of probability distributions. To perform our analysis, we

compute individual measures of the average expectation regarding the endowment

M , E[M ] =
∑︁

∀b (pb ∗Mb). Where pb is the probability that the subject assigns to

the event described in bin b and Mb is the average endowment labelled in bin b. For

example, if a subject reports 20% in the second bin, labelled [1, 4], it means that he

believes that there is a 20% chance that the endowment will be between 1 and 4.

Therefore, p2 = 0.20 and M2 = 2.5.

Similarly, E[s] =
∑︁

∀b (pb ∗ sb) is computed for the expectations regarding the

proposal s and E[l] =
∑︁

∀b (pb ∗ lb) for the expectations of the lowest acceptable

o�er l. We also introduce three variables that help us to analyse the treatment

e�ect. The variable settle is a dummy that takes the value 1 when a settlement is

reached and 0 otherwise. The variable share is the proportion of the endowment

that a proposer is o�ering, i.e. share = s
M
. Finally, we denote min_share the

minimum share of the endowment that a respondent is willing to accept according

to his expectations for the endowment, i.e. min_share = l
E[M ]

.

For the rest of our analysis, three observations have been removed from our sample

corresponding to three respondents who exhibited irrational behaviour. They re-

ported a lowest acceptable o�er that was larger than their average expectation of the
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proposer's endowment. In other words, they were only willing to accept more than

100% of the average endowment that they thought the proposer would get. This

strategy cannot be reconciled with our theoretical framework and we suspect that it

is due to a misunderstanding regarding the game. Nevertheless, as a robustness test,

we provide in Appendix A.2 the results of our data analysis without these exclusions.

Respondents' expectations and strategy

Our main results are presented in Table 1.2 and Figure 1.5. We �nd that the expec-

tations and strategies of the respondents are signi�cantly impacted by the curse of

knowledge in the direction that our theory predicts.

CoK ctrl ∆T p− val

E[M ] 24.8 (5.7) 16.9 (4.9) 7.9 0.00***
E[s] 11.6 (5.4) 8.6 (3.6) 3.1 0.00***

l 7.5 (5.4) 5.3 (3.9) 2.2 0.03**
min_share 0.31 (0.2) 0.31 (0.2) 0.0 0.46

# obs 34 31

Table 1.2: Treatment E�ects - Respondents

Table containing the averages of E[M ], E[s], l and min_share reported by the re-
spondents in each treatment, the di�erence between both treatments, ∆T , and the
corresponding p-value for a one-sided t-test. The �gures in parentheses are the as-
sociated standard deviations. The stars represent the level of signi�cance associated
with the one sided t-test comparing both treatments; with * being the 10% level, **
5% and *** 1%.
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The respondents' expectations regarding the size of the endowment are signi�cantly

higher in the CoK than in the ctrl treatment. The change-detection task was e�ective

in producing the curse of knowledge for the respondents. Indeed, when they are

shown the correct answers during the task, the subjects expect that, on average,

almost two more changes are detected (out of 10) which represents a 46% increase

and translates into an increase of 7.9e in expected endowment. This result replicates

the previous �ndings of Danz (2013) and Loewenstein et al. (2006). Note that the

true endowment of the proposers was 11.3e which implies that the respondents were

too optimistic in both treatments.

Result 1a: The respondents' expectations with regards to the proposers' endow-

ments are signi�cantly larger in the CoK than in the ctrl treatment, i.e. E[M ]cok >

E[M ]ctrl.

The treatment has an e�ect on expectations regarding the group member's action

as well. The respondents expect an average proposal that is 3.1e higher when

they belong to the treated group. Consequently, they modify their strategies in the

ultimatum game by choosing a 2.2e higher lowest acceptable o�er in the treatment

condition. This 42% increase keeps the minimum accepted share of the respondent,

min_share, constant at 31% of the expected endowment. This minshare does not

vary between treatments and corresponds to the existing �ndings in the ultimatum

game literature.

Result 2a: The respondents choose signi�cantly larger lowest acceptable o�ers in
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the CoK than in the ctrl treatment, i.e. lcok > lctrl.

Result 4a: The respondents expect on average signi�cantly larger o�ers from the

proposers in the CoK than in the ctrl treatment, i.e. E[s]cok > E[s]ctrl.

0
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25

E[M] E[s] l

Control CoK

Figure 1.5: Treatment Comparison - Respondents

Figure showing the averages of E[M ], E[s] and l reported by the respondents in each
treatment and their associated 95% con�dence intervals.

According to our results, the respondents overestimate the third parties' success in

the change-detection task in both treatments. The true average success rate is a little

lower than 3 out of 10 for an average endowment of 11.3e. In the ctrl treatment the
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respondents expect an average endowment of 16.9e which is slightly overoptimistic.

In the CoK treatment, the overestimation is more dramatic. The subjects who are

given the true answers to the change-detection questions are expecting the endow-

ments' size to be 24.8e,on average, i.e. 120% more than the true average. Their

expectations are signi�cantly higher than the expectations of the participants who

had no access to the answers. As a result, they ask for a larger amount of money

as a lowest acceptable o�er l which corresponds to an identical expected minimum

share min_share of the total expected endowment. These �ndings are in line with

the hypotheses 1a, 2a and 4a.

Proposers' expectations and strategy

We present the average treatment e�ects for the proposers in Table 1.3 and Figure

1.6. We observe that the proposers hold similar expectations and choose equivalent

strategies in the ultimatum game in both treatments.
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CoK ctrl ∆T p− val

E[M ] 17.5 (4.5) 15.5 (7.3) 2.0 0.09*
E[s] 10.7 (3.6) 10.7 (5.8) 0.0 0.48

l 5.6 (2.5) 5.7 (2.9) -0.1 0.46
min_share 0.51 (0.2) 0.51 (0.2) 0.0 0.46

# obs 34 34

Table 1.3: Treatment E�ects - Proposers

Table containing the averages of E[M ], E[l], s and share reported by the proposers in
each treatment, the di�erence between both treatments, ∆T , and the corresponding
p-value for a one-sided t-test. The �gures in parentheses are the associated standard
deviations. The stars represent the level of signi�cance associated with the one-sided
t-test comparing both treatments; with * being the 10% level, ** 5% and *** 1%.

Result 1b: The proposers' expectations with regards to their endowment are not

signi�cantly di�erent in the CoK than in the ctrl treatment, i.e. E[M ]cok = E[M ]ctrl.

Result 2b: The proposers do not choose signi�cantly di�erent o�ers in the CoK

than in the ctrl treatment, i.e. scok = sctrl.

Result 4b: On average, the proposers do not expect signi�cantly di�erent lowest

acceptable o�ers from the respondents in the CoK than in the ctrl treatment, i.e.

E[l]cok > E[l]ctrl.

In theory, even though the CoK treatment only modi�es the respondents' infor-

mation set, it should a�ect the proposers as well. Our framework implies that the

proposers' expectations regarding their endowment must remain unchanged (Hy-
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pothesis 1b) but that their expectations regarding the respondents' strategy as well

as their own strategy should di�er (hypotheses 2b and 4b).
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Figure 1.6: Treatment Comparison - Proposers

Figure showing the averages of E[M ], E[l] and s reported by the proposers in each
treatment and their associated 95% con�dence intervals.

Only Hypothesis 1b (E[M ]cokp = E[M ]ctrlp ) is in line with our �ndings. Our data do

not indicate that the proposers' strategy in the ultimatum game or their expecta-

tions regarding the respondents' strategy were a�ected by the CoK treatment. We

cannot reject the null hypotheses that E[l]cokp = E[l]ctrlp and that scok = sctrl. These

observations tend to indicate that the proposers are naive with respect to the e�ect
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of the curse of knowledge on the respondents' strategies.

Aggregate outcome

The average rate of settlements and pro�t in the two treatments are reported in Table

1.4. We have already seen that the respondents' lowest acceptable o�ers are larger in

the CoK treatment and that the proposers' o�ers are not signi�cantly di�erent. As

a result, we observe a lower rate of settlement in the CoK than in the ctrl treatment

(signi�cant at the 10% con�dence level) and a lower average pro�t, especially of the

respondents.

Result 3: There are fewer settlements reached in the CoK than in the ctrl treatment

(with 90% con�dence) , i.e. settlecok < settlectrl
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CoK ctrl ∆T p− val

settle 0.47 (0.5) 0.65 (0.5) 0.18 0.08*

profitr 2.9 (3.5) 4.2 (3.9) -1.2 0.09*
profitp 3.2 (4.2) 3.5 (3.9) -0.3 0.38

profit 3.1 (3.9) 3.8 (3.9) -0.7 0.13

# obs 68 65

Table 1.4: Outcome of the game

Table containing the average rate of settlement and pro�ts in each treatment, the
di�erence between both treatments and the corresponding p-value for a one-sided t-
test. The �gures in parentheses are the associated standard deviations. The stars
represent the level of signi�cance associated with the one-sided t-test with * being the
10% level, ** 5% and *** 1%.

Due to the curse of knowledge, the respondents are more likely to reject the o�ers

in the CoK treatment and their pro�t is lower on average. The rate of settlement

is 18 percentage points lower in the CoK than in the ctrl treatment. This di�er-

ence, signi�cant at the 10% level, seems to be the outcome of both the respondents'

changes in behaviours and the proposers' naivete regarding the e�ect of the curse of

knowledge. To foresee the e�ect of the curse on the respondents would have required

a high degree of sophistication among the proposers in the CoK treatment. Our

results indicate that this is not the case as we do not observe any di�erence in their

strategies between treatments. Therefore, only the number of settlements changes

across treatments.
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1.4.3 Quantile analysis

We now go a step further and investigate how the CoK treatment a�ected the entire

distributions of average expectations and strategies in the ultimatum game. Our goal

in this section is to extend our analysis to see if the results we have gathered can

indicate whether all the respondents are equally a�ected by the curse of knowledge.

We also aim to see if the curse always leads to a change in strategies and if some of

the proposers are adapting their strategies as well.

Since our experimental treatments are assigned between subjects we cannot isolate

the treatment e�ect individually. Therefore, we estimate the treatment e�ect on the

di�erent quantiles of the distributions of E[M ], E[s] and l for the respondents and

E[M ], E[l] and s for the proposers. We report the treatment e�ects on four di�erent

quantiles of the distributions in Table 1.5. Additionally, Figures 1.7 and 1.8 illustrate

our results by showing for each variable its cumulative distribution function (CDF)

as well as the estimated treatment e�ects on the di�erent quantiles.
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Respondents Proposers

Quantile E[M ] E[s] l E[M ] E[l] s

20 1.9*** 1.13 1 0.47 1.35 0
40 1.75*** 1.52 1 0.41 1.4 0
60 1.69*** 3.1* 2 0.35 0.76 0
80 2.5*** 5.6* 7*** 0.26 -2.2 0

Table 1.5: Treatment E�ects Per Quantile

Table containing the treatment e�ects on four di�erent quantiles of the distributions
(the 20th, 40th, 60th and 80th) for the variables E[M ], E[s], l, E[l] and s. The e�ects
are presented for each role, proposer and respondent, separately. The stars represent
the level of signi�cance associated with a one-sided t-test against the null hypothesis
that no e�ect is found; with * being the 10% level, ** 5% and *** 1%.

We observe that the CoK treatment had no signi�cant e�ect on any quantile of

the distributions of the proposer's expectations and strategies. As previously men-

tioned for the average treatment e�ect, this evidence is in line with Hypothesis 1b

(E[M ]cokp = E[M ]ctrlp ) and at odds with hypotheses 2b and 2c as we cannot reject the

null hypotheses that E[l]cokp = E[l]ctrlp and that scok = sctrl for any quantile of their

distribution.
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Figure 1.7: Cumulative Distribution Functions and Treatment E�ect per Quantile -
Respondents

Figure showing the cumulative distribution function (CDF) as well as the estimated
treatment e�ect on the quantiles of E[M ], E[s], l for the respondents. In the top
graphs, the full blue line represents the CDF of the ctrl treatment and the dashed red
line represents the CDF of the CoK treatment. In the bottom graphs, the full green
line represents the treatment e�ect on the di�erent quantiles of the distribution while
the dashed black line shows the average treatment e�ect. The grey area is the 95%
con�dence interval of the quantile e�ect estimates.

For the respondents, the CoK treatment produces a curse of knowledge that can be

measured over the entire distribution of expectations. The CDF of E[M ] is shifted

towards the left and all the quantile e�ects are close to 2e which corresponds to
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the average treatment e�ect. Nonetheless, the treatment e�ect on the expected

proposals and on the lowest acceptable o�er are di�erent across quantiles. Only

the high quantiles of these two distributions are signi�cantly shifted towards higher

values by the treatment. The lower quantiles remain una�ected.
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Figure 1.8: Cumulative Distribution Functions and Treatment E�ect per Quantile -
Proposers

Figure showing the cumulative distribution function (CDF) as well as the estimated
treatment e�ect on the quantiles of E[M ], E[l], s for the proposers. In the top graphs,
the full blue line represents the CDF of the ctrl treatment and the dashed red line
represents the CDF of the CoK treatment. In the bottom graphs, the full green
line represents the treatment e�ect on the di�erent quantiles of the distribution while
the dashed black line shows the average treatment e�ect. The grey area is the 95%
con�dence interval of the quantile e�ect estimates.
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These �ndings indicate that the curse of knowledge shifts the beliefs of the respon-

dents independently of their preferences for fairness but that only the respondents

who are averse to inequality react to this change. This interpretation is in line with

our theory. Indeed, if we derive from the functional form describing the choice of the

lowest acceptable o�er, l = αr

1+2αr
E[M ], the following expression:

∆l =
αr

1 + 2αr

(E[M ]cokr − E[M ]ctrlr )

where ∆l is the di�erence in the lowest acceptable o�er stated by the respondents

between the control and the treatment condition. We can observe that the impact of

the curse of knowledge on the expectations and the fairness preference parameter α

in�uence the optimal strategy of the respondents in a multiplicative way. This means

that the respondents with a high α, i.e. who are more averse to inequality, both

choose a high lowest acceptable o�er and are more a�ected by the CoK treatment

than those with a low α.

This scenario �ts both our data and our theoretical conjectures but is not formally

tested by our design. Further research involving a within-subjects design that let us

observe individual e�ects would be needed to draw �nal conclusions regarding the

combined e�ect of preferences for fairness and the curse of knowledge.
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1.5 Summary and conclusions

In this essay we present experimental evidence demonstrating the causal e�ect of the

curse of knowledge on negotiation strategies in a bargaining situation. We conduct

a laboratory experiment in which the ultimatum game is used to create a stylised

negotiation setting. A change-detection task determines the proposer's endowment in

the game. In one of the two treatments, we provide the respondents of the ultimatum

game with private information about the solution of the change-detection task and

thus induce the curse of knowledge. This manipulation shifts the respondents' beliefs

regarding the endowment's size without modifying any feature of the game. Hence,

the treatments allow us to observe the causal e�ect of the curse of knowledge on our

subjects' expectations and behaviour.

We �nd that providing additional information to the respondents impairs their ability

to judge the task's di�culty. As a result they expect a larger endowment for the

proposers and choose a higher lowest acceptable o�er in the ultimatum game. In our

experiment, the e�ect of the curse of knowledge on the respondents is substantial. It

increases their expected endowment and their lowest acceptable o�er by respectively

47% and 42% on average. The respondents maintain a minimum accepted share of

31% of the expected endowment across treatments which corresponds to the existing

�ndings in the ultimatum game literature. The proposers do not foresee the e�ect

of the curse on the respondents' strategies. They report similar expectations and

choose the same o�ers across treatments. This absence of e�ect on the proposers'

strategy combined with the di�erence in respondents' choices leads to a higher rate
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of rejection and a smaller pro�t for subjects in the CoK than in the ctrl treatment.

We observe a higher rate of bargaining impasse when the respondents receive private

information regarding the solution of the change-detection task.

This treatment variation was designed to show that the curse of knowledge can partly

explain observed bargaining impasses. We selected a setting in which di�erent esti-

mations of the endowment create a mismatch between the respondents' expectations

and the proposers' o�ers. Of course, the impact of information asymmetry through

the curse of knowledge may be di�erent depending on the information structure as

well as context-speci�c features of the negotiation. For example, in a scenario where

the information regarding the task is provided to the proposers instead of the respon-

dents, it could lead to higher o�ers from the proposers to be matched with relatively

low exigence from the respondents, which would increase the rate of settlement.

Even though our experimental framework is speci�c, our results demonstrate that

cognitive biases such as the curse of knowledge may generally impact the strategies

of players in bargaining contexts where fairness preferences play a role. We even

provide suggestive evidence of a larger treatment e�ect on the subjects who have

strong preferences for equality. These �ndings are important for the interpretations

of scienti�c evidence related to bargaining with information asymmetry and are also

relevant for policy issues. Indeed, we see that better information does not necessarily

lead to more desirable outcomes.

In contrast to previous research where individuals may consciously change their be-
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haviours under di�erent information settings for personal motives, in our environ-

ment it is their cognitive limitations that prevent them from choosing what would

likely have been their favourite strategy with less information. Therefore, the set-

tlement, or the impasse, reached due to the curse of knowledge can be considered

suboptimal and results in a net utility loss for the bargainers. This would mean, for

example, that certain transparency policies that are generally considered bene�cial

when individuals behave rationally may in fact have certain costs that must be taken

into account. Especially when these policies target only part of the population.
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abstract

In this essay, we study the point predictions that forecasters report when they are

asked to predict the realisation of an iid random variable. We set up a laboratory

experiment where the participants act as forecasters predicting the next realisation

of random draws coming from di�erent �objectively known� distributions which vary

in the location of their central tendencies. As is standard in survey measures, the

subjects in our experiment must report their best guess of the next draw as a forecast.

We �nd that most of the forecasters report point predictions that are close to one

of the three main central tendencies (mean, median or mode) of the distributions

provided, with a majority corresponding to the mode. Our analysis also shows that

when selecting a point prediction, people have in mind a numerical value (e.g. the

mean or the mode) rather than a speci�c percentile of the underlying distribution.

Only 5% of the forecasts reported during the experiment are based on a percentile

while almost 60% are based on a numerical value.
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2.1 Introduction

Subjective expectations data provide important information regarding individual and

expert opinions as well as their uncertainty about the future. Such data have become

a cornerstone in economic analysis, feeding into both macro-econometric forecasting

models and micro-econometric models of individual decision-making. They allow us

to separate preferences from expectations without relying on the rational expecta-

tions hypothesis (Manski, 2002, 2004).

In this chapter, we study how the forecasts produced by individuals re�ect their

subjective expectations. We explore the relationship between these forecasts and

the probability distributions of the random variables of interest. Our goal is to pin

down how people summarise an entire distribution of probabilities into a single point

when they are asked for their best guess regarding the future realisation of a random

variable.

Economists consider uncertainty in terms of (non-degenerate) outcome distributions

of an event and those who use expectations data presume that respondents have a

unique subjective distribution in mind.1 However, with some exceptions (Delavande

2014), most surveys (regarding professionals or households) and experimental studies

do not elicit subjective distributions but ask for forecasts. Thus, the respondents are

supposed to report their beliefs in the form of a single point. Without any knowledge

regarding the individuals' forecasting rules, it is impossible to compare and use the

1Even multiple prior models, where the decision-maker faces (Knightian) uncertainty, reduce
uncertainty to one subjective distribution before the decision-maker chooses between alternatives.
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collected points. Therefore, the researchers presume that the forecasts are selected

using a homogeneous rule, i.e. that each individual selects a point that matches the

same characteristic of the distribution from which it was chosen.

In the literature, the standard assumption is to consider that the forecast corresponds

to the mean of the unique distribution as a result of applying a quadratic, and thus

symmetric and unbiased, loss function to the distance between this forecast and the

possible realisations of the random variable. Many interpretations of empirical re-

sults rely on this assumption. For example, the dispersion of individual forecasts is

often perceived as a measure for the severity of uncertainty and of di�erences in avail-

able information between individuals (Pesaran and Weale, 2006). However, several

researchers have pointed out that part of the dispersion empirically measured can be

accounted for by relaxing the assumption of forecasters using the same forecasting

rule (Manski, 1999; Das, Dominitz & van Soest, 1999).

The forecasting rules have been studied empirically using the Survey of Professional

Forecasters (hereafter SPF). This dataset gathers the predictions of the US GDP

growth and in�ation made by professional forecasters.2 Elliott, Komunjer & Tim-

mermann (2008) suggest that an asymmetric forecasting loss function, varying across

forecasters, would rationalise the predictions reported in the SPF. Engelberg, Man-

ski & Williams (2009)(EMW hereafter) compare the elicited point predictions with

their interval-elicited subjective probability distributions. They �nd that the fore-

casting rules vary among the experts. They speci�cally stress the joint e�ect of

2Federal Reserve Bank of Philadelphia at http://www.phil.org/econ/spf/spfbib.html
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belief dispersion and forecasting rule heterogeneity.3 Their �ndings highlight the

di�culty in interpreting and using the point predictions, e.g. in models of choice un-

der uncertainty or when interpreting the dispersion of forecasters' individual point

predictions.

In this work, we extend the analysis of EMW by conducting a forecast experiment

in the laboratory using objectively known distributions instead of elicited subjective

distributions. This design allows us to speci�cally create distributions with dispersed

central tendencies. Contrarily to most of the probability distributions elicited in the

SPF, ours are not Gaussian shaped and therefore do not concentrate their mean,

median and mode within the same interval. Hence, we can investigate the in�uence

of each of these central tendencies separately on the forecast selected to summarise

the probability distribution.

Moreover, our set of distributions contains pairs of mirror images. Comparing the

points reported for these pairs enables us to test whether our subjects' forecasting

rules are based on a numerical value or a percentile of the underlying distribution.

Indeed, some models of decision-making under risk, such as the quantile utility model

of Manski (1988), postulate that when choosing among multiple risky bets, a decision-

maker may maximise a particular percentile of the probability distribution rather

than its mean as in the expected utility models. Our design allows us to look at the

empirical relevance of this class of models by investigating whether the predictions

made by individuals are related to a speci�c percentile of the distributions displayed

3Reporting rules are heterogeneous but mostly consistent with one of the three central tendencies
of the distribution, the mode, the median and the mean.
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or to a numerically-based characteristic such as the means of these distributions.

Finally, our design insures control over the information possessed by the forecasters

and over the way they produce their prediction, i.e. alone, in groups, with friends,

family, colleagues or with the support of prediction software. In our experiment, all

the participants had the same information on the data generating process in the form

of histograms of the objective distribution. They processed this information alone

and made their forecasts by themselves.

In line with the empirical �ndings of EMW (2009), we �nd that most of the forecasts

reported are close to a central tendency of the distribution: either its mean, median

or mode. Among those forecasts the majority correspond to the mode of the distri-

bution. This result indicates that, without further instructions, when they choose a

forecast most individuals maximise the probability of being exactly right.

The subjects' forecasting rules are mostly based on the selection of a numerical value

of the probability distribution (e.g. the mean or the mode) rather than of a percentile

(e.g. the 60th or 40th percentile). Nevertheless, we observe that the characteristics

of both the forecasters and the probability distributions have a signi�cant impact on

the rule applied to selecting a point prediction. This �nding highlights the potential

issues regarding the interpretation of forecasts reported in surveys as the subjective

expectations of the respondents.

The chapter is organised as follows: Our experiment is introduced in section 2.2, the

results are presented in section 2.3. We close with a discussion in section 2.4.
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2.2 Experiment

We elicited point predictions from objectively known distributions within a com-

puterised experiment (using software z-Tree, Fischbacher, 2007) that was conducted

at the LEEL (Laboratory of Economic Experiments at Laval University, Quebec,

Canada). In the experiment, the participants were given the role of professional

forecasters whose task it was to predict the future pro�ts of 10 di�erent companies.

They were provided with the pro�t distribution of each company in the form of a

histogram with eight possible pro�t realisations: {−35,−25,−15,−5, 5, 15, 25, 35}.

While entering their point predictions, the subjects knew that the computer would

draw the pro�t realisation that they had to forecast from the distribution that was

displayed on their screen. As is standard in survey practice, we did not give the

participants further instructions regarding which point of the distribution to report.

We asked them to provide �their best guess� regarding the next realisation of the

pro�t for the company and speci�ed that their forecast must be �as close as possible�

to this pro�t. We also deliberately decided against using proper scoring rules to

incentivise the forecasts' accuracy as monetary incentives are hardly ever used in

surveys.4

The predictions reported could be any integer between the lower and upper bound of

4The proper scoring rules have the property to maximise participants' expected payo�s when
they report particular points of the distributions - e.g. a quadratic scoring rule maximises the
expected gain when the mean is reported as a forecast. To properly answer our research question,
we have to avoid such incentives. Indeed, we are documenting here how individuals make forecasts
in real life or report predictions during surveys - which for practical reasons do not use scoring
rules.
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the pro�t support. It was not mandatory to choose a forecast corresponding to one

of the eight possible realisations. The subjects made 10 consecutive predictions for

each of the ten companies. After each forecast, the computer drew the pro�t realisa-

tion and displayed it with all the past predictions and realisations in a history table.

Once 10 forecasts were made and 10 realisations were drawn for a company, each

participant started over again with a new company that had a di�erent pro�t distri-

bution and an empty history table. Here, we provide an example of a participant's

screen in Figure 2.1.

3.3 Experimental Procedure

The experiment was programmed with the software z-Tree and conducted in September 2014 in the

LEEL (Laboratory of Economic Experiments at Laval University). We used a between subject design -

29 subjects received the baseline treatment, 10 others received the ”Median” treatment. Four sessions

were run and a total of 4680 predictions were gathered. The instructions were presented in a video that

was played on the subjects’ computers in the beginning of the sessions. Examples of the main screens

displayed to the participants during the experiment are presented in figure1 and figure2. Participants

were recruited via email and were mainly students in economics and business administration. They

received a 5$ show-up fee upon arrival at the laboratory, a fixed amount of 15$ for the completion of the

main task and an additional 5$ for the completion of a Berlin numeracy test at the end of the session.

An experimental session lasted on average 90 minutes and all participants earned 25$.

Figure 1: Main Screen of the Experiment - Baseline Treatment

8

Figure 2.1: Screenshot of prediction task.

Every participant was asked to make forecasts for 10 di�erent companies, for a total
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of one hundred predictions. The companies appeared in a random order during the

experiment and were represented by a unique pro�t distribution. These distribu-

tions are presented in Figure 2.2. They were constructed in pairs containing each

a standard distribution and its image counterpart. In each pair the image is the

mirror image of the standard. It was obtained by multiplying the pro�ts of the

standard distribution by '-1'. This feature of our design allows us to investigate

whether our subjects' forecasting rules are based on a percentile or a numerical value

of the distributions. Appendix B.2 explains in greater detail how we constructed the

distributions.
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Figure 2.2: Ten pro�t distributions that participants saw in random order and for
which they predicted the next or the next six draws.

Distributions 1, 3, 5, 7 and 9 are the standard distributions while distributions 2,
4, 6, 8 and 10 are their image counterpart, i.e. all pro�ts are multiplied by -1, e.g.
distribution 1 has the mode at -35, distribution 2 has the mode at 35.
�- �- Full lines indicate the mode (yellow) or the second highest mode (red).
- - - - Dashed lines (green) indicate the median.
-.-.-.- Dashed-dotted lines (blue) indicate the mean.
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The �ve experimental sessions were conducted in September 2014 and 2016.5 In

total 41 participants (29 in 2014 and 12 in 2016) took part in the experiment. A

session lasted between 1h40 and 2h15 in total. At the beginning the instructions were

displayed on the screen in a short video. They were also accessible in a written version

during the whole experiment. Then the subjects performed the forecasting task

and, at the end of the experiment, they answered a post-experimental questionnaire

in which we collected some background information on age, gender and level of

education.

This questionnaire also contained the Berlin Numeracy Test (BNT) that measures

the ability to represent, store and accurately process mathematical operations.6 The

BNT is a psychometric instrument that assesses and represents the statistical and

risk literacy of a person on a scale of 1 to 4. A value of 1 in the BNT presents

the lowest level of numeracy and 4 the highest. The BNT is particularly powerful

when measuring the cognitive ability of individuals to understand and manipulate

ratio concepts, proportions, probabilities and percentages. It was designed in or-

5In the 2016 sessions, multiple treatments of the experiment were conducted. In one of them,
the �rst half of the experiment was a replication of the design conducted in 2014 and described here.
The second was a treatment varying the elicitation questions that were asked. In this chapter, we
pool the data collected in 2014 with its 2016 replication to increase our sample size. No signi�cant
di�erences were found between the two samples, both in terms of the individual characteristics of
the participants (age, gender, numeracy) and in terms of their behaviour during the experiment
(forecasts reported, time).
We restricted the number of companies in the 2016 sessions to 10 for the experiment to have a

reasonable length, whereas participants in 2014 were asked to make predictions for a total of 12
companies, i.e. one additional object and its image distribution. We exclude the analysis of those
two distributions from the 2014 data to make both data sets comparable. The other treatments
conducted in 2016 are analysed in a companion paper (Kröger & Pierrot, 2019).

6We employed the computerised version of the BNT which is adaptive, i.e. follow-up questions
depend on previous questions, and asks 2 to 3 out of 4 questions.
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der to achieve a high level of psychometric discriminability among highly-educated

individuals (e.g. college students and graduates, medical professionals).

We recruited the participants among the students and personnel of Laval University

using an online system. They received a 5 CAD show-up fee upon arrival at the

laboratory, a �xed amount of 20 CAD (30 CAD in 2016) for the completion of the

prediction task and another 5 CAD for answering the post-experimental question-

naire.

2.3 Results

We aim to characterise the relationship between the probability distribution of a

random variable and the forecast selected by an individual to predict the next re-

alization of this variable. To investigate this relationship it is absolutely crucial

that the predictions used for our analysis are not a�ected by previous realisations of

pro�ts. Hence, we exclusively use the �rst prediction reported for each pro�t distri-

bution. This restriction insures the independence of the forecasts analysed here. It

leaves us with 410 predictions made by 41 subjects
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2.3.1 Descriptive Statistics

In Table 2.1 we report the background characteristics of the participants. A session

lasted an average of one hour and 13 minutes. The subjects were 30 years old, on

average, about 30% of them were women and 66% held an academic degree. Their

score in the numeracy test was 2.4, on average (on a 1 to 4 scale), and they took an

average of 30 seconds to produce their �rst forecast.

Gender 0.32 =1 if female

Age 30.4 (9.0) Age of the subjects

Education 0.66 =1 when holding an academic degree

Numeracy 2.4 (1.2) Numeracy measured by the BNT
on a scale for 1 (Worst) to 4 (Best)

Time per Prediction 0.5′ (1.0′) Time taken by the subjects
to produce one forecast (in minutes)

Session Duration 73.6′ (22.0′) Time taken to complete
the session (in minutes)

# of subjects 41

Table 2.1: Measures of Background Characteristics and Time Taken for the Experi-
ment (standard deviations in parentheses)
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2.3.2 Forecasts Reported

We start our investigation by breaking down each forecast yi,d produced by an indi-

vidual i for a distribution d into two core elements: (1) its numerical value νy and

(2) the percentile of the underlying distribution to which it corresponds τy,d. For ex-

ample, if the prediction of subject 1 for the distribution 1 is 15 (i.e. y1,1 = 15), then

its numerical value, νy, is also 15 and its associated percentile, τy,d, is 50. Indeed, for

distribution 1 a pro�t of 15 corresponds to the 50th percentile of the distribution.

For another distribution it would be associated with a di�erent percentile.

Separating a point prediction into its numerical value and its corresponding per-

centile allows us to consider value-based and percentile-based forecasting rules in our

investigation. We display in the �rst section of Table 2.2 the average forecast y re-

ported by our subjects for each distribution d as well as its corresponding percentile

τy,d.
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Distribution (d)

1 2 3 4 5 6 7 8 9 10 Average

y (= νy) -16.8 22.9 -12.1 15.2 -11.6 9.9 -16.1 20 -8.3 9.9 1.3
σy 18.6 16.0 16.6 17.3 17.2 22.0 24.9 23.6 16.1 16.1 24.1

τy,d 34 75 42 63 35 66 26 78 43 59 52
στ 29 27 22 23 23 27 33 32 18 18 31

τy,d = 50 0.00 0.00 0.02 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.18
(p-value)

proportion of y close to a central tendency (ct)

y = ct 0.61 0.76 0.78 0.78 0.87 0.68 0.73 0.73 0.82 0.82 0.76

y = [mean|y = ct] 0.20 0.13 0.9 0.6 0.19 0.7 0.16 0.7 0.9 0.21 0.13
y = [median|y = ct] 0.20 0.26 0.25 0.31 0.17 0.7 0.6 0.7 0.38 0.23 0.20
y = [mode|y = ct] 0.60 0.61 0.66 0.63 0.64 0.86 0.77 0.87 0.53 0.56 0.67

distance as a proportion of the support

|y −mean| 0.27 0.29 0.23 0.26 0.28 0.34 0.38 0.40 0.22 0.22 0.29
|y −median| 0.23 0.21 0.18 0.18 0.22 0.29 0.50 0.55 0.23 0.26 0.29
|y −mode| 0.26 0.17 0.18 0.15 0.19 0.22 0.27 0.21 0.24 0.22 0.21

Table 2.2: Average predictions with their corresponding percentiles and measures of
proximity with the central tendencies of the underlying distributions.

Percentiles selected

The mean percentile reported for all the distributions combined is 52.1 which is

not signi�cantly di�erent from the median according to a two-sided t-test including

�xed e�ects for the individuals (p = 0.18). Nevertheless, we observe substantial

variations across the di�erent distributions indicating that most of the subjects do

not consistently report a particular percentile of a distribution as their point fore-
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cast. For example, on average, the forecasters report the 34th percentile for the �rst

distribution (τy,1 = 34) and the 75th for the second distribution (τy,2 = 75).

0
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.2

0 20 40 60 80 100

Figure 2.3: Relative frequencies of percentiles corresponding to reported forecasts

Moreover, the standard deviations associated with the percentiles reported are rather

large, both for each distribution (between στ = 17.5 and στ = 32.8) and for the

entire set of distributions (στ = 30.8) which con�rms that the forecasts reported are

unlikely to be based on a speci�c percentile. To illustrate this �nding, we show the

frequencies of each percentile reported during the experiment in Figure 2.3. The

forecasters report many di�erent percentiles, none of which seem to be more popular

than the others.

Yet we observe an interesting pattern related to the symmetric properties of our

distributions. The results presented in Table 2.2 show that, on average, the forecasts

selected by our subjects correspond to a percentile that is below the median for
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the distributions with a mode below zero and above the median otherwise. This

observation indicates that the mode is likely to be a key factor driving the choice of

point predictions.

Relationship between forecasts and central tendencies

We now consider the correspondence between the predictions selected by our sub-

jects to forecast the next realisation of pro�t and the three main central tendencies

of the probability distributions, i.e. the mean, the median and the mode. This anal-

ysis follows EMW (2009). We replicate their �ndings and add the complementary

analyses that our experimental setting permits.

In the second section of Table 2.2 we display the proportion of forecasts that are close

to at least one of the three tendencies, as well as the proportions of these forecasts

that are close to each tendency taken separately. We classify a prediction as close

to the central tendency of a distribution if this prediction and this tendency fall into

the same bin, where a bin refers to the prede�ned bound of the displayed histogram

([−35;−20], [−20;−10], [−10;−0]..., [20; 35]).

In all the distributions, we �nd that an average of 76% of the predictions correspond

to one of the three main central tendencies (mean, median or mode). Thirteen per-

cent of them correspond to the mean, 20% to the median and 67% to the mode. The

modal response is therefore the most prominent one among our subjects. Although

we witness variations across the di�erent distributions, this observation holds for
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each individual distribution.

As a complementary measure, the third section of Table 2.2 contains the average

absolute distance between each of the three tendencies and the point predictions.

These distances con�rm that the forecasts are close to the mode of the underlying

distribution, but for some distributions the average distance to the median is very

similar or even outperforms the distance to the mode.

To sum up, our results are in line with the �ndings of EMW (2009). They reveal

that most of the subjects report point predictions that correspond to the mode of

the probability distribution. Seventy-six percent of the point forecasts are close to

one tendency, a slightly lower proportion than the 83% observed in the Survey of

Professional Forecasters. This di�erence may have multiple explanations. First,

the distributions in our experiment were objective and chosen by the experimenter

while, in the SPF, the distributions were declared by the forecasters themselves

and therefore subject to measurement errors. Second, in the dataset of EMW the

three tendencies, carefully separated in our distributions, consistently lay in the same

interval.
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2.3.3 Do subjects report a numerical value or a percentile of

the distribution?

Economic theory acknowledges that a forecaster asked to summarise a probability

distribution by a single point may report either a particular characteristic of the

distribution, i.e. its mean or mode, or a speci�c percentile of this distribution. For

example, in the context of decision-making, Expected Utility Theory (Von Neumann

and Morgenstern,1944 ; Savage, 1971) presumes that people use the mean of their

utility distributions as point of reference, whereas in ordinal utility models (Manski,

1988) decision-makers use percentiles of the distributions to inform their decision.

Even though we cannot provide a de�nitive test here of the respective validity of

these theories, our experimental design allows us to investigate the consistency of

our subjects' forecasting rule with regard to either a percentile or a numerical char-

acteristic of a given distribution. This analysis can be performed by exploiting the

fact that the subjects participating in our experiment were confronted with �ve pairs

of two identical distributions that are the mirror image of each other. By compar-

ing the two forecasts reported for each pair, we can pin down whether a forecaster is

more likely to base his prediction on a numerical value or a percentile of the displayed

distribution as his forecast.

For example, let us consider a person who summarises the �rst distribution by re-

porting −6.7 as his forecast. This forecast is the mean of the �rst distribution and

it is its 54th percentile as well. To better understand what made the subject select
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−6.7 to predict the next realisation of the random variable, we look at the forecast

that he chooses for the second distribution, which is the mirror image of the �rst.

If the subject's forecast for this distribution is +6.7, which corresponds to the 46th

percentile, we consider this subject to be reporting a point based on a numerical

characteristic of the distribution. On the other hand, if he reports 15, which corre-

spond to the 54th percentile, the subject is classi�ed as reporting forecasts based on

a percentile of the underlying distribution.

Comparing the reported summary statistics and corresponding percentiles of both

distributions to one another allows us to better understand whether a person is basing

his forecast on a numerical value and/or a percentile of the underlying distribution

and how much the forecasts in a pair deviate from both.

Deviations from the points and percentiles reported in a pair of distribu-

tions : the α and β measures

We introduce two variables measuring the bias of a distribution summary that a

person reports compared to a point of the distribution or a percentile. More precisely,

we de�ne the parameters

α =
1

2

(︃
1 +

y−d

yd

)︃
(2.1)
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as the ratio of the point predictions for the reference distribution yd and the one from

its mirror image y−d and equivalently

β = 1−
τd|yd

τ−d|y−d

(2.2)

as the ratio of the percentile corresponding to the prediction for the reference distri-

bution d and the percentile corresponding to the prediction of its mirror image −d.

α measures the bias in terms of numerical value (i.e. of quantity or outcome) and

β in terms of percentiles. For computing the two bias parameters, we exploit two

convenient facts. First, the distributions to summarise have a symmetric support,

and second, we have some degree of freedom to choose which of the distributions in

a pair is the reference (object) distribution.

We arrange the distributions in such a way that we always divide by the larger of

the two numbers. Hence, for every pair of distributions, α and β are in the interval

[0, 1]. An α of zero implies that the two forecasts reported are the exact opposite

numerical value of each other, i.e. yd = −1 · y−d. This occurs, for example, when

a subject consistently reports the mode or the mean of both distributions in a pair.

On the contrary, α = 1 when the same point is reported for both distributions, i.e.

yd = y−d . Note that when a subject consistently reports the median, both biases

are equal to zero, α = 0 and β = 0. However, the more the reported percentile is

located in one of the extremes, the larger the bias for α. The same applies vice versa.

For a person basing their prediction on a numerical value, the further it is from the

median, the larger the bias for β.
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In our example above, a person who reports the mean value for both distributions of

a pair would have a value of α = (1 + (−6.7/6.7))/2 = 0 and β = 1− 46/54 = 0.25.

A person who predicts the same percentile as for the �rst distribution, would have

a deviation of β = 1 − 0.54/0.54 = 0 for the percentile measure and a deviation

of α = (1 + (−6.7/15))/2 = 0.28 for the point. In this example, the reference

distribution to compute α was distribution 2 and the one for β was distribution 1.

Descriptive statistics on α and β measures

Figure 2.4 shows the distribution of α and β obtained from the experimental forecasts

in two histograms. For almost 60% of the forecast's pairs, α is close to zero, implying

that yd = −1 ·y−d for most of the predictions reported. The average α is 0.30 and its

median is 0.14. Comparatively, we observe much higher values for β which has an

average value of 0.55 and a median of 0.56. Overall, less than 10% of the β computed

are close to zero.
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Figure 2.4: Distribution of α and β estimates.

These results indicate that almost 60% of the predictions reported are consistent with

a rule based on forecasting a numerical value of the distribution. In contrast, very

few subjects seem to consistently select a particular percentile of the distribution as

their forecast. Among the 60% of forecasts with an α <= 0.1, we �nd than 72%

are close to the mode, 8% are close to the median and only 5% are close to the

mean. These �ndings are in line with our previous results and further emphasize

the preeminence of the modal report. They also demonstrate the heterogeneity of

forecasting rules between forecasters in our sample. Indeed, even if forecasting the

mode is a popular rule, many forecasts are neither close nor consistent with this rule.
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2.4 Summary and Discussion

In this work we present an experimental study on what points people report when

they are asked to predict the realisation of an iid random variable with a known

distribution. In line with the empirical �ndings of EMW (2009), we �nd that most

of our subjects report a central tendency of the distribution as their forecast. Of the

forecasts selected, 76% correspond to either the mean, the median or the mode of

the underlying distribution.

Our experimental design also allows us to derive further insights on the relationship

between point predictions and probability distributions. We can discriminate among

the three main tendencies and show that the most reported one is the mode. Of the

forecasts that correspond to one of the three tendencies, 67% are close to the mode

of the distribution. This result indicates that, without further instructions, most

individuals tend to maximise the probability of being exactly right when they choose

a forecast.

Moreover, thanks to the control that we exert over the distributions presented to the

participants, we can investigate how the forecasts are selected by the subjects. Our

results indicate that the subjects' forecasting rules are mostly based on a numerical

value of the probability distribution rather than on a percentile. Only 5% of the

forecasts chosen are consistent with a forecasting rule based on a percentile compared

to almost 60% for a rule based on a numerical value. This �nding is in line with the

fact that a majority of the subjects choose the mode as their forecasts for the next
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realisation.

Even though the mode is the most frequently chosen reply, our results show a substan-

tial variation in the reporting rules used by the individuals. This �nding highlights

the potential issues regarding the interpretation of forecasts reported in surveys as

the respondent's subjective expectations. We demonstrate that these forecasts do not

always constitute an accurate measure of the individual's subjective expectations.

To improve the current state of a�airs, there are several possible solutions one may

implement. Asking for the entire distribution of probabilities may be a possibility in

certain contexts. Another idea would be to formulate more explicit questions that

would help the survey respondents to understand the answers that are expected from

them.
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abstract

Survey questions that elicit point predictions regarding uncertain events face an

important challenge as human forecasters use various statistics to summarise their

subjective expectations. In this chapter, we take up the challenge and study whether

alternative formulations of the questions used to elicit point predictions can be suc-

cessful in driving forecasters towards reporting a particular central tendency (median

or mean) of their subjective expectations distribution. We set up a laboratory exper-

iment in which the participants act as forecasters and are asked to predict the next

realisation of iid random draws coming from an objectively known distribution. We

elicit the subjects' point predictions in four treatments, in which we ask for either

(1) a �guess� of the next draw, as is standard in survey measures, (2) a �guess� as

close as possible to the next 6 draws, and (3) the mean, or (4) the median of the

next six draws. We then compare the predictions reported in the di�erent treatments

and their proximity to the three main central tendencies (mean, median, mode) of

the objectively known distributions. We also investigate the cognitive process that

a�ects the production of point predictions.

We �nd that the majority of predictions in the two guess treatments, (1) and (2),

are close to the mode. In treatment (2) (�one guess for the next six draws�), the

forecasters report the mean and the median more often in comparison to (1) (�guess

for the next draw�), but the mode remains the central tendency around which most

of the predictions are located. In treatments (3) and (4), we �nd that forecasters
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adjust the point they report in the direction of a particular central tendency when

speci�cally asked to report the mean or the median. Adjustments are more precise

for forecasters with higher measures of numeracy and for those who have more expe-

rience. However, numeracy has no explanatory power when the forecasters are asked

to report a �guess for the next draw� in treatment (1) which suggests that forecasters

have di�erent ways to summarise a distribution.
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3.1 Introduction

Data on subjective expectations is an important input for macro and microeconomic

models of decision-making under uncertainty. The measurement of expectations

is a challenging exercise for survey designers. There is an ongoing discussion re-

garding how to elicit the subjective probability distributions over all possible out-

comes of a random variable of interest that the respondents have in mind (Manski,

2004). Even though an increasing number of surveys elicit subjective distributions

in whole(Delavande, 2014), the most common practice remaining is to ask the survey

panel to provide a summary of their subjective distribution in the form of a point

forecast regarding the future realisation of the variable of interest without further

indication(Pesaran and Weale, 2006).

While it is generally assumed that the point forecast obtained is the mean of the prob-

ability distribution that the respondents have in mind, there is empirical evidence

that forecasters summarise their subjective expectations in various ways (Engleberg

et al., 2009). Not being able to observe the individual summary rules makes it di�cult

to interpret the forecasts, use them in theoretical models, or even to compare between

forecasters. For example, two persons with exactly the same expectations distribu-

tion regarding an event may still report di�erent forecasts because one chooses the

mean of his subjective probability distribution while the other uses its mode (Kröger

and Pierrot, 2019).

The challenge for survey designers is to develop a question that elicits the same
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point of a distribution. The literature on scoring rules suggests using incentives to

reach this goal (Savage, 1971). However, giving incentives in general and professional

surveys on macroeconomic or personal variables is rather complex. In this chapter,

we investigate how to elicit a particular point of the subjective expectations by using

di�erent question formats for the target audience. Our laboratory study explores the

e�ect of di�erent ways of formulating the question on individuals' point forecasts.

The participants in the experiment are asked to predict the realizations of an iid

random variable that are drawn from an objectively-known distribution displayed in

the form of a histogram.

The contribution of this research to the literature is that we employ four di�erent

question formats to elicit the forecasts. We ask for either (1) a �guess� regarding the

next realisation of the variable of interest, (2) a �guess� as close as possible to the

next six realisations, (3) a point forecast as close as possible to the mean of the next

six realisations, or (4) a point forecast as close as possible to the median of the next

six realisations.

In our �rst treatment, the participants are asked to forecast the next realisation of

the random variable. This question format is the most commonly used in surveys

nowadays. In the second treatment, we extend the forecasting horizon. In principle,

while the �rst treatment may encourage a respondent to report the most likely real-

isation, we expect a respondent to �smooth" his summary and take other moments

of the distribution into account when asked to summarise several realisations with a

single forecast. This treatment also serves as a baseline to interpret the e�ects of our
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�nal two treatments. In the third and fourth treatments subjects are directly asked

to report a point corresponding to the particular central tendency of the underlying

distribution. In the third treatment we ask them to report the mean of the next six

draws and in the fourth we ask for the median.

Our analysis reveals that, when asked to predict the next draw (in the �rst treat-

ment), the majority of the forecasters in our experiment report the mode of the

underlying distributions. In the second treatment, the mean and the median are

more often reported in comparison to the �rst treatment but the pre-eminence of

the modal report remains. The third and fourth treatments are successful in modify-

ing the participants' forecasting strategy. In these two treatments a majority of the

predictions re�ect respectively the mean or median of the underlying distribution.

The forecasters are led to adjust their forecast in the direction of a particular central

tendency when they are speci�cally asked to report the corresponding tendency for

the following six realizations.

To complement the estimation of the treatment e�ects, we develop a model explaining

the distance between the forecasts and the three main central tendencies of the

underlying distributions. This model integrates individual characteristics such as

cognitive ability, e�ort and experience to better understand the bene�ts and costs of

the di�erent question formats.

Our results can be summarised as follows. We observe that (i) the forecasters who

exert more e�ort report points that are closer to the mean or the median; (ii) better
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cognitive ability has a similar e�ect as e�ort but only in the treatments with a longer

forecasting horizon; and (iii) experience has only a marginal impact on the distances

between the forecasts and the central tendencies. Finally, we note that asking for

the mean of the next six realizations signi�cantly reduces the distance between the

forecasts and the mean of the distribution at the cost of more e�ort to produce the

forecast, whereas asking for the median is cognitively less demanding but su�ers from

a large e�ect of individual ability, i.e. only the subjects with a high numeracy score

report a point forecast close to the median.

The essay is organised as follows. Section 3.2 explains the experimental design and

procedure. In section 3.3 we present the descriptive statistics of the experiment.

Section 3.4 presents our empirical model and section 3.5 interprets its results. We

close with a discussion in section 3.6.

3.2 Experiment

3.2.1 Experimental design

During the experiment the participants were asked to report point predictions re-

garding the future realisations of a random iid variable. They received the following

explanation about the experimental task: �You work as a professional forecaster. You

are asked to predict the future pro�ts of 10 di�erent �rms. For each �rm, you have

access to its �pro�t distribution� and must report predictions regarding the future prof-
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its of the �rm.� A pro�t distribution was displayed in the form of a histogram with

eight possible realisations for the company's pro�t: {−35,−25,−15,−5, 5, 15, 25,

35}. Forecasters had to make 10 consecutive predictions for each of the 10 compa-

nies.

The 10 distributions used in the experiment to represent the 10 companies are shown

in Figure 3.1.1 In total, participants were asked to make 100 predictions in each

treatment.

A point prediction could be any real number between −35 and 35. After each predic-

tion, a forecaster saw the pro�t realisations drawn from the displayed distribution.

These realisations were provided alongside all the past predictions and realisations

in the form of a history table. Figure 3.2 shows a screenshot of the prediction task

presenting the pro�t distribution on the top left side. The companies were presented

to the participants sequentially in random order. Once a forecaster had provided the

10 predictions for a company, a new company (i.e. another pro�t distribution, and

an empty history table) was displayed on the screen and the forecasters started all

over again to provide the point predictions for this company.

1Appendix B.2 explains in detail how they were constructed
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Figure 3.1: Ten pro�t distributions that participants saw in random order and for
which they predicted the realisation of the next or the next six draws.

Distributions 1, 3, 5, 7 and 9 are the standard distributions while distributions 2,
4, 6, 8 and 10 are their image counterpart, i.e. all pro�ts are multiplied by -1, e.g.
distribution 1 has the mode at -35, distribution 2 has the mode at 35.
�- �- Full lines indicate the mode (yellow) or the second highest mode (red).
- - - - Dashed lines (green) indicate the median.
-.-.-.- Dashed-dotted lines (blue) indicate the mean.
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Figure 3.2: Screenshot of baseline treatment Guess-6.

We implemented a total of four treatments. The treatments varied in whether the

participants had to predict the realisation of the next period's pro�t or to make one

prediction that was close to the pro�t realisations of the following six periods. The

four treatments were as follows:

(1) In the �rst treatment, �Guess-1 �, forecasters were asked to predict the next

period's pro�t realisation without further instructions. We only told them to report

�their best guess� and to �be as close as possible to the next period's realisation of
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pro�t�. This treatment was a replication of Kröger and Pierrot (2019).

(2) In the second treatment, �Guess-6 �, we increased the length of the forecast

interval from one draw to six consecutive draws. The forecasters had to provide a

unique forecast that was compared to the next six consecutive draws. Again, the

participants were told to be as �close as possible to each of the six pro�t realisations�,

but with one single forecast.

(3) In the third treatment, �Mean-6,� the participants were asked to report a fore-

cast as close as possible to the mean of the next six pro�t realisations. The following

explanation of the concept of �Mean� was displayed on the screen during the forecast-

ing task (translated from French): �The average pro�t is a number which, multiplied

by the number of periods, gives the total of the pro�ts realised for these periods. For

example, if the pro�ts of six periods are 15, -5, -15, 5, 25 and 15, the total pro�t is

40 and the average pro�t is 6.67, because 6.67x6 = 40.�

(4) In the fourth treatment, �Median-6 �, the participants were asked to report a

forecast as close as possible to the median of the next six pro�t realisations. The

following explanation of the concept of �Median� was displayed on the screen during

the forecasting task (translated from French): �The median is the number for which

half, i.e. three of the realised pro�ts from the next six periods are lower and the other

half, thus the other three pro�ts are higher. For example, if pro�ts were 15, -5, -15,

5, 25 and 15, the median would be 10.�2

2Dominitz and Manski (1996) are to the best of our knowledge the �rst to explicitly elicit
the median of a distribution in the context of students' subjective expectations about returns to
schooling. We formulated our explanation for the median very closely to theirs.
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Figure 3.2 presents a screenshot from the baseline treatment �Guess-6 �. A full set

of instructions can be found in appendix C.1.

�Guess-6 � is our baseline treatment in this study. We can investigate changes in

the forecasts when increasing the length of the interval of realisations that the point

forecast covers, comparing Guess-6 to Guess-1. And we can observe the e�ect

of asking for a particular point, either mean or median, comparing Guess-6 to

Mean-6 and Median-6.

The experiment was conducted in September 2016 at the LEEL (Laboratory of Eco-

nomic Experiments at Laval University, Quebec, Canada). A total of 41 forecasters

participated in two di�erent treatments. Forecasters faced one of three di�erent

treatment orders. Forecasters in Group 1 (N=12) �rst took part in Guess-1 before

continuing with Guess-6 . Forecasters of the second group, Group 2 (N=13), and

the third, Group 3 (N=16) participated �rst in the baseline treatment, Guess-6 ,

before continuing respectively in the Mean-6 or Median-6 treatment.

After the prediction task, forecasters �lled in a post-experimental questionnaire in-

cluding the Berlin Numeracy Test (BNT hereafter, Cokely et al. 2012) as a measure

of cognitive ability, standard socio-economics questions, and they were asked to ex-

plain the strategy employed when producing their point predictions.

We use the BNT to measure the numeracy of our subjects, i.e. the cognitive ability

to represent, store and accurately process mathematical operations.3 The BNT is

3We employed the computerised version of the BNT, that is adaptive such that follow-up ques-
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particularly powerful for measuring the cognitive ability of individuals to understand

and manipulate ratio concepts, proportions, probabilities and percentages.

3.2.2 Experimental procedure

The experiment was conducted in the laboratory of experimental economics of Uni-

versity Laval in Quebec using the software z-Tree (Fischbacher, 2007). We recruited

our participants on the campus of Laval University via an online recruitment sys-

tem. Upon arriving at the laboratory, participants were randomly seated at one of

the terminals. After having signed the consent forms, the experiment started.

A video presented the instructions at the beginning of the experiment and demon-

strated the forecasting task. The instructions were also accessible in a written form

during the entire experiment. Participants could click on the �Instructions" button

on the bottom left of the screen and read the instructions again in a pop-up window

on the screen.

A session lasted an average of two hours including watching the video instructions

and responding to the post-experimental questionnaire. We conducted a total of �ve

sessions and collected 8,200 point predictions.

Participants received a 5 CAD show-up fee, a �xed payment of 30 CAD for the

completion of the forecasting task and an additional 5 CAD for the completion of

tions depend on previous answers. The test contains 4 questions.
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the post-experimental questionnaire.

We did not incentivise the point predictions for various reasons. First, survey data

collectors often do not and cannot incentivise survey questions, such as income ,

in�ation, GDP, life expectancy or others. Second, using a particular scoring rule to

incentivise beliefs would force a pro�t-maximising respondent to report a particular

point of the distribution (e.g. the mean for the quadratic scoring rule, the median

for the absolute scoring rule) and would not allow us to study the speci�c point at

which their subjective distribution respondents report when asked to guess.

3.3 Descriptive Statistics

In this section, we present some descriptive statistics on forecasters background char-

acteristics, on their point predictions and on the e�ort they put in their predictions

measured by the amount of time they take to produce a prediction.

3.3.1 Individual Characteristics

A total of 41 subjects participated in the experiment. They were an average of 32

years old and were mostly students and personnel from Laval University. Students

came mainly from economics, environmental science and engineering. Almost half

of all participants were women (40%). Table 3.1 reports the descriptive statistics of
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their background characteristics (age, gender and numeracy) by treatment.

The variable �numeracy" is a measure for forecasters individual cognitive ability. It

is the score of the Berlin Numeracy Test (BNT), a psychometric instrument that

assesses and represents the statistical and risk literacy on a scale from 1 to 4. A

value of 1 in the BNT represents the lowest level of numeracy and 4 the highest.

Participants in our experiment have an average numeracy of 2.4. It varies across

participants with a standard deviation of 1.2. These �gures are similar to the �ndings

reported by Cokely et al.(2012). They obtained a mean numeracy of 2.6 with a

variance of 1.13 from a subject pool of students and former students.

As everyone participated in the baseline treatmentGuess-6, Column (2) of Table 3.1

contains the average statistics of all variables for the entire sample. These statistics

are comparable across treatments even though the ratio of women is slightly higher in

the Median-6 treatment (0.5) and the participants are a little older in the Mean-6

treatment (34.4).

For the analysis in this chapter we will focus only on the �rst 10 predictions per

company. In future research we plan to study how feedbacks a�ect forecasts in cases

where the same event is repeatedly predicted. Thus the analysis that follows is based

on the point predictions reported as a �rst forecast for each of the 10 distributions

that the respondents summarised in two treatments.
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(1) (2) (3) (4)
Guess-1 Guess-6 Mean-6 Median-6

Group 1 1, 2 & 3 2 3

# of subjects 12 41 13 16

age -in years- 32.6 32.5 34.4 31.7
(10.3) (9.8) (10.1) (9.0)

gender (0=male) 0.33 0.41 0.38 0.5

numeracy 2.4 2.4 2.3 2.4
(1.1) (1.1) (1.1) (1.0)

Table 3.1: Descriptive statistics by treatment. Standard deviations are in parenthe-
ses.

3.3.2 Point predictions in relation to central tendencies

Forecasters could report any real number between −35 and 35 as a prediction. For

each individual i = (1, ..., N) we observe a point prediction ppi,d for the displayed

distribution d = (1, ..., D). In this section, we report the number of predictions that

are close to the mean, median and mode of each distribution in each treatment.

We also report the absolute distances between each point prediction and the three

central tendencies of its underlying distribution, i.e. the mean, the median and the

mode.
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Correspondence between forecasts and tendencies

We de�ne that a point prediction �is close� to a central tendency when it lays within

the interval, or �bin�, containing this central tendency. Each interval has a length of

10 units and is centred around a possible pro�t. For example, a prediction of -2 for a

distribution with mean -1.9, median 15 and mode -35 would be coded as correspond-

ing to the mean because it is contained within the same bin (−2,−1.9 ∈ [−10; 0]).

For the same distribution, a prediction of -31 would be coded as corresponding to

the mode (−35,−31 ∈ [−40;−30]) and a prediction of 25 would be coded as not

corresponding to any of the three central tendencies. We have constructed the dis-

tributions such that the central tendencies are apart from one another and may

never lie in the same bin. Therefore, according to our de�nition, a prediction cannot

correspond to more than one central tendency at a time.4

4See appendix B.2 for details on the construction of the distributions.
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Group Central Guess-1 Guess-6 Mean-6 Median-6 p-value
Tendency

Group 1 at least one 0.73 0.76 0.64
Mean 0.11 0.31 0.00
Median 0.18 0.21 0.65
Mode 0.71 0.48 0.00

Group 2 at least one 0.72 0.82 0.03
Mean 0.27 0.54 0.00
Median 0.29 0.37 0.15
Mode 0.44 0.09 0.00

Group 3 at least one 0.77 0.75 0.67
Mean 0.33 0.43 0.12

Median 0.20 0.38 0.00
Mode 0.47 0.19 0.00

Table 3.2: Shares of point predictions falling into the same bin as one of the three
central tendencies, and also for those point predictions the proportion by central
tendency.

Information in bold letters indicates signi�cant results of a pairwise sign test at the
5% level.

In Table 3.2, we report the share of point predictions that are close to the central

tendencies for each experimental group and each treatment. For example, in the

Guess-1 treatment, 73% of the predictions of Group 1 are close to one of the

central tendencies. Among these predictions, 11% correspond to the mean, 18%

to the median and 71% to the mode. The p-values displayed in the last column

are obtained by testing the null hypothesis that the treatment had no e�ect on the

shares in a panel model with �xed e�ects for the subjects.

The Guess-1 treatment can be seen as a laboratory replication of the empirical

analysis of Engleberg, Manski and Williams (2009) and our �ndings are in line with
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theirs. In their investigation of the survey of professional forecasters, they found that

80% of the point predictions recorded correspond to one or more of the three central

tendencies, a share that is very close to and only slightly higher than the 73% that we

observe here. This di�erence might be due to the ability of the professional forecaster

to report points that are more consistent with their subjective distributions. Another

potential explanation lies in the shape of the underlying distributions chosen for our

experiment which are more complicated than the uni-modal and often Gaussian-

looking ones that were reported by the forecasters in the SPF.

Looking at the responses of all three groups under the baseline treatment (Guess-

6 ), we �nd that a comparable proportion of point predictions are close to one of the

central tendencies, i.e., between 72% and 77%. Also, for each di�erent tendency, the

share within those predictions that are close to that tendency is comparable across

group 1, 2, and 3 with respectively 31%, 27%, and 33% of the predictions being close

to the mean; 21%, 29%, and 20% to the median; and 48%, 44% and 47% to the

mode. These similarities between the predictions made by the three groups in the

treatment Guess-6 indicate that the predicting rules used by the subjects in this

treatment are una�ected by the order in which the treatment was conducted, either

as �rst (groups 2 and 3) or second (group 1) treatment.

Table 3 also reports how the proportions of point predictions that correspond to a

central tendency change when the groups transfer from one treatment to another.

In Group 1, that starts with Guess-1 before continuing in Guess-6, the share of

predictions that are close to any tendency is the same for both treatments. Moreover,
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in both treatments most of the forecasters seem to favour a prediction close to the

mode of the distribution. Nevertheless, the share of predictions that are close to the

mean increases signi�cantly, by 20 percentage points, when it is made for six instead

of one realisation. Meanwhile, the share of predictions close to the mode decreases

by 23 percentage points.

The within-variations of groups 2 and 3 show that modifying the question formats

can successfully change the reporting rules. Forecasters in groups 2 and 3 chose to

report the requested point, either the mean or the median, twice as often when they

were asked to make a prediction for the next six realisations compared to a simple

guess without further information. Notably, in group 2, the share of predictions close

to the mean increase from 27% to 54% when asked to report the mean of the following

6 draws instead of a guess that is close to the six draws. Similarly, predictions close

to the median increased in Group 3 from 20% to 38%. At the same time, the share

of predictions close to the mode of the distribution decreases substantially from 44%

to 9% and from 47% to 19% in Group 2 and Group 3 respectively.

To sum up, the analysis on the aggregate level suggests that (i) people report the

mode most prominently as a point forecast when they are asked to predict the out-

come of one random draw; (ii) expanding the prediction's horizon by asking for a

forecast close to multiple draws drives some of the participants to choose a point pre-

diction close to the mean even though the modal report remains the most popular;

and (iii) asking for a forecast close to a particular central tendency of the next six

realizations, i.e. the mean or median, increases the share of point predictions that
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are close to the corresponding central tendency of the distribution and decreases

dramatically the share of those that are close to the mode.

Distance between individual forecasts and central tendencies

In this section, we report the absolute distances ycti,d = |ppi,d − cti,d| between each

point prediction and the three central tendencies of its underlying distribution, i.e.

the mean ymean
i,d = |ppi,d − meand|, the median ymedian

i,d = |ppi,d − mediand| and the

mode ymode
i,d = |ppi,d −moded| of forecaster i for distribution d.

Table 3.3 contains the average distances between the predictions and the central

tendencies of the distributions.5 In the Guess-1 treatment, the shortest distance is

between the forecasts and the mode, ymode
i,d ≤ ycti,d, ct = {mean,median}. Neverthe-

less, it remains relatively large compared to ymean
i,d in the Mean-6 and ymedian

i,d in the

Median-6 treatment. This average distance, ymode
i,d = 14.5, and the large standard

deviation associated with it (σmode
i,d = 18.3) indicate the presence of heterogeneity

amongst the reporting rules of forecasters when they are asked for a prediction of

one draw without further instructions.
5With bimodal distributions, we only consider the mode with the highest probability mass.
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Guess-1 Guess-6 Mean-6 Median-6

ymean
i,d 20.4 (10.3) 15.6 (10.9) 8.1 (8.2) 11.3 (9.6)

ymedian
i,d 21.2 (15.5) 17.3 (13.9) 10.6 (10.1) 12.8 (12.3)

ymode
i,d 14.5 (18.3) 17.7 (16.6) 24.3 (11.9) 22.4 (14.4)

# obs 120 410 130 160

Table 3.3: Distances between forecasts and central tendencies (mean, median and
mode).

In the Guess-6 treatment we observe a shift in the reported predictions. The short-

est distance is with the mean, ymean
i,d = 15.6, and the standard deviation associated

with that measure is smaller than in the Guess-1 treatment, with σmean
i,d = 10.9.

When they are asked to make one prediction for the next six draws some of the

participants change their reporting rule. This leads to an increase of the distance

between the point forecasts and the mode form ymode
i,d = 14.5 to ymode

i,d = 17.7 and

a decrease of the distance with the mean. Nevertheless a high heterogeneity in the

forecasting choices remains.

In the Mean-6 and Median-6 treatments, the distance between the forecasts and

the mode ymode
i,d is substantially larger than in the two Guess treatments, with

ymode
i,d = 24.3 and ymode

i,d = 22.4 respectively. The points reported are much closer

to the mean, with ymean
i,d = 8.1 and ymean

i,d = 11.3 respectively, and to the median,

with ymedian
i,d = 10.6 and ymedian

i,d = 12.8 respectively. Notably, the associated stan-

dard deviations are the lowest in these two treatments. The participants respond

to the treatment by changing their forecasting rule towards the central tendency
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corresponding to the question format. They report predictions closer to the mean in

the Mean-6 treatment and to the median in the Median-6 treatment.6 Moreover,

asking for a speci�c tendency such as the mean or the median of the next six dis-

tributions reduces the distance between the forecasts and the corresponding central

tendency of the underlying distribution in a way that suggests a lower heterogeneity

among predictions.

In short, we observe that not indicating a precise point of the distribution as in our

Guess-1 and Guess-6 treatments, leads to a large distance between the point pre-

dictions reported by the forecasters and all the central tendencies of the displayed

distributions. Contrarily, the distances measured when the mean or the median of

the next realisations were indicated as the desired point predictions are much shorter,

especially with the corresponding tendency (mean or median). So far, our descrip-

tive analysis suggests that the treatments Mean-6 and Median-6 were successful

guiding forecasts towards a desired point prediction. Moreover, they reduced the

heterogeneity of the recorded forecasts in terms of distance with the target central

tendency.

6By construction, if the predictions are closer to the mean, they are also closer to the median
and vice versa as the mode is either on the left or right of the other two central tendencies (see Table
B.1). The median in the Mean-6 treatment, however, has a 2.5 units larger distance compared
to the mean, but the mean in the Median-6 treatment has only a very small 1.5 units di�erence
compared to the median.
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E�ort measured by the time taken to produce a forecast

The time taken by the subjects to report a prediction varies quite intensively between

the di�erent treatments - it ranges from 20� to over a minute7. This may be an

indication that producing a point forecast can be more or less cognitively demanding

depending on the question to answer. Interestingly, producing a prediction for one

random draw without further indication and predicting the median of six random

draws were the two fastest tasks for the participants. It took them 24.7� (Guess-

1 ) and 21� (Median-6 ) whereas making one prediction for six draws without any

indication of the point to report or asking for the mean took an average of 43.6�

(Guess-6 ) and 63� (Mean-6 ).

Guess-1 Guess-6 Mean-6 Median-6

time 24.7 (46.8) 43.6 (75.9) 63.0 (108.7) 21.0 (27.0)

time2 46.7 (39.6) 57.2 (88.6) 66.4 (77.8) 22.7 (28.7)
time6 12.4 (9.5) 38.0 (67.4) 67.0 (109.0) 15.9 (15.3)
time10 12.3 (10.4) 25.1 (36.3) 37.8 (44.9) 15.8 (23.3)

# obs 120 410 130 160

Table 3.4: Time taken to produce a forecast in seconds

Of course, one might expect the prediction time to shorten over the experiment

because of learning e�ects. To investigate this e�ect, in Table 3.4 we provide multiple

measures of the prediction time at di�erent moments in the experiment, i.e. for the

7We measure the time participants took from �rst seeing the distribution until they submit their
prediction. The visualisation of the draws is not included in the time measure to keep it comparable
across treatments.
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distributions seen in order 2, 6 and 10.8 These measures give a more precise idea

of how the prediction time evolves for each treatment. As expected, it generally

decreases as the subjects become more familiar with the task. Nevertheless, the

cross-treatment comparison holds for every point in time. The prediction time is,

on average, shorter in the treatments Guess-1 and Median-6 compared to the

treatments Guess-6 and Mean-6 .

3.4 Empirical model

In this section we present our empirical model with the aim of capturing the pre-

diction task. We want to account for the bene�ts and costs associated with each

question format. We model the distance between a point prediction and a central

tendency, ycti,d = |ppi,d − cti,d| as a function of the forecaster numeracy, the e�ort

that he exerts when producing his prediction, captured by the time taken to provide

the prediction, and the forecaster's experience, captured by the order in which the

forecaster saw the distribution. The order of distributions was randomised for each

forecaster separately and takes values from 1 to 10 with higher values correspond-

ing to distributions seen later in the experiment. We interpret this variable as the

experience of the forecaster.

8We report this time from the distribution presented in order 2 onward with equidistant intervals
of 4, thus at 6 and at 10, to give an idea of the evolution of reporting time over the course of the
experiment. We excluded the �rst distribution as it might just re�ect the time it took for the
subjects to understand the task.
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3.4.1 Panel data model

To ensure that our variable of interest, the absolute distance between a prediction

and the central tendency, is always larger than zero, we model this distance with an

exponential function.

ycti,d = exp[α + x′
i,dβ + ϵi,d]

Where xi,d contains a binary variable for each treatment as well as the individual

characteristics of the forecasters and their interaction.9 Individual characteristics in-

clude variables such as the e�ort measured in seconds as time to produce a prediction

(e�orti,d), the experience measured by the order in which the distribution appeared

from 1 to 10 (experiencei,d), and the forecaster's level of numeracy measured by an

integer index between 1 (low) and 4 (high) (numeracyi,d).

We also allow for an interaction between e�ort and experience (e�ort ∗ experiencei,d)

as forecasters might produce predictions faster at the end of the experiment because

they are more familiar with the prediction task. The error term ϵi,d = µi + λd + ei,d

consists of an individual (random) component µi ∼ N(0, σµ), a �xed e�ect for the

9xi,d = {FirstTreatmenti,d, e�orti,d, experiencei,d, numeracyi,d, DGuess-1 , DMean-6 , DMedian-6 , DGuess-1∗
e�orti,d, DGuess-1 ∗ experiencei,d, DGuess-1 ∗ numeracyi,d, DMean-6 ∗ e�orti,d, DMean-6 ∗
experiencei,d, DMean-6 ∗numeracyi,d, DMedian-6 ∗e�orti,d, DMedian-6 ∗experiencei,d, DMedian-6 ∗
numeracyi,d}
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distribution λd and a random component ei,d ∼ N(0, σe).

We can write the model in matrix notation as follows:

Yct = exp[α 1ND +X′β +G1 µ+G2 λ+ e]

with: G1 = IN ⊗ 1D and G1 = 1D ⊗ IN

We use a two-way error component panel data model. The error component attached

to the distribution is captured by �xed e�ects λd and the error component attached

to the subjects is captured by random e�ects µi in order to avoid multicollinearity

with the numeracy scores.

ycti,d follows a Gamma distribution (ycti,d ∼ Γ(a, b)). We estimate the model using

the GEE (Generalised Estimating Equation) procedure. This method allows us to

compute the parameters of the following relationship:

log(E[ycti,d]) = α + x′
i,dβ

It is important to note that the GEE procedure directly estimates the relationship

between the expectation of the variable of interest and the explanatory variables.

This feature allows us to keep the observations where ycti,d = 0 (where the logarithm is

unde�ned). Nevertheless, it implies that the model that we speci�ed at the beginning

of this section (ycti,d = exp[α+ x′
i,dβ + ϵi,d]) is an approximation - it is not true when

ycti,d = 0. The GEE procedure requires a third assumption on the working correlation
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matrix of Y ct. We assume that this matrix is exchangeable - i.e. it allows for a

unique subject-speci�c correlation parameter γ. In other words, we assume that all

the predictions made by a person are correlated with each other in the same way.

Parameters' estimates

In this section, we present the results obtained by estimating the model, more pre-

cisely, the marginal e�ects of e�ort, experience and numeracy computed at the sam-

ple mean. We examine the e�ects of these variables both for the entire experiment

as well as for each speci�c treatment.

ycti,d DGuess-1 DMean-6 DMedian-6 numeracyi,d e�orti,d experiencei,d

ymean
i,d 3.91*** -7.00*** -3.40*** -2.34*** -2.34*** -0.05

ymedian
i,d 2.82*** -5.13*** -5.24*** -2.00*** -1.75*** -0.37***

ymode
i,d -2.64*** 8.10*** 2.63*** 0.32 4.16*** -0.28

Table 3.5: Marginal E�ects in GEE Panel Data Model with Guess-6 as baseline.

Table 6 presents the marginal e�ects for three models that have as dependent vari-

ables the distance between the point prediction and either the mean (ymean
i,d ), the

median (ymedian
i,d ) or the mode (ymode

i,d ) of the distributions. The estimates of the

treatment e�ects reported in Table 3.5 are perfectly aligned with our descriptive

�ndings in section 3.3. Taking the Guess-6 treatment as the baseline, we �nd that

all the dummy variables attached to the other treatments in our model a�ect the
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distances just as expected.

Questions asking to guess the next realisation of a random variable decrease the

distance with the mode of the distribution by 2.64 units and increase the distance

with the mean and median by 3.91 and 2.82 units, respectively. Those e�ects are

captured by the dummy variable DGuess-1 .

Meanwhile, asking for the mean of the next six realisations decreases the distance

between the point prediction and the mean by 7 and the median by 5.13. However,

forecasters report 8.10 units further away from the mode. Asking directly for the

median decreases the distance between point predictions and median by 5.24 and

the mean by 3.4, whereas the distance between point predictions and mode increases

by 2.63. In short, DGuess-1 increases the distances with the mode and median and

decreases the distance with the mode while DMean-6 and DMedian-6 have the exact

opposite e�ects.

Regarding the other explanatory variables, Table 3.5 reports that the points chosen

by both forecasters who put more e�ort, i.e. who took more time, and those who

obtained a higher numeracy score are, on average, closer to the mean and the median

of the distributions and further away from the mode. Meanwhile, the experience a

forecaster has with the prediction task does not substantially a�ect the distance

between predictions and the central tendencies.10

10With the exception of the distance to the median that decreases signi�cantly, however the
decrease is very small.
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In Table 3.6 we present the treatment-speci�c marginal e�ects computed by using

the interaction e�ects of the treatment dummies and the three main explanatory

variables. They allow us to explore how e�ort, experience and numeracy relate to the

point predictions reported in each question format. Experience signi�cantly reduces

the distance between the predictions and the mode in the Guess-1 treatment.

Marginal e�ects

ycti,d numeracy e�ort experience

ymean
i,d -2.02** -3.10*** -0.22

Guess-6 ymedian
i,d -2.14*** -0.76 -0.23

(Baseline) ymode
i,d -0.16 2.76*** 0.026

ymean
i,d 0.16 -12.2*** -0.66*

Guess-1 ymedian
i,d 0.59 -5.95* -0.83*

ymode
i,d -0.24 10.40*** -1.19**

ymean
i,d -2.56*** -0.41 0.015

Mean-6 ymedian
i,d -1.73*** -0.13 -0.076

ymode
i,d 1.00 1.66 -0.10

ymean
i,d -3.41*** 1.5 0.36*

Median-6 ymedian
i,d -3.13*** -3.02* -0.38*

ymode
i,d 1.76 2.80 -0.33

Table 3.6: Treatment-speci�c marginal e�ects in GEE panel data model

First, we observe that forecasters with higher numeracy scores report point predic-

tions closer to the mean or the median when asked to summarise the following six

predictions with a single point prediction (Guess-6,Mean-6, andMedian-6 ). The

distance between these two central tendencies and the predictions decreases by 2

units for each unit increase in numeracy when asked for a guess in general (Guess-
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6 ). This distance decreases even further when being asked to predict either the mean

or the median. For example, when asked to report the mean (Mean-6 ) one more

unit of the numeracy score decreased the distance of predictions to both the median

and the mean by 3.13 and 3.41, respectively. Notably, the level of numeracy of a

forecaster is not indicative of the point that this forecaster reports when only asked

to guess a single realisation of a random variable without further indication in the

Guess-1 treatment.

Second, e�ort ampli�es this e�ect in the Guess-6 treatment. There, a forecaster

who takes one more minute to report a prediction would choose a point that is, on

average, 3.12 units (p < 0.01) closer to the mean and 2.76 units further away from

the mode. Thus, a person with two points more on the numeracy scale who think

one minute longer reports a point 7 units closer to the mean. The magnitude of the

e�ect of e�ort is almost four times larger in theGuess-1 treatment where taking one

minute longer to produce the point forecast translates into being 12 units (p < 0.01)

closer to the mean. This e�ect is substantial. For example, a person taking 30

seconds longer than the average time of 24.7 seconds would produce a prediction

that is, on average, 6 units closer to the mean - equalizing the average distance to

the mean (ymean
i,d : 20.4 − 6 = 14.4) to the distance to the mode (ymode

i,d = 14.5).

Providing more e�ort also signi�cantly decreases the distance to the median when

asked to report the median while not a�ecting at all the distances to the other central

tendencies. There is no improvement from providing more e�ort on closeness to the

central tendencies when asked to report the mean.
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Finally, forecasters with more experience report closer to any central tendency when

asked to guess one future realisation. Thereby, the distance with the mode declines

the fastest, followed by the distance with the median and then that with the mean.

Just as a comparison, predictions of the 10th company would be 11 units closer to the

mode, by 7 units closer to the median and by 6 units closer to the mean compared to

those of the �rst. We observe further learning e�ects when the instructions indicated

to report the median. In this treatment, more experienced forecasters predicted

points closer to the median and further away from the mean. These opposites are

of almost the same magnitude, i.e. a forecaster will for his 10th forecast predict a

point that is 3 units further from the mean and 3 units closer to the median.

3.5 Comparison of the question formats

Table 3.7 regroups all the relevant results that we have gathered in the analysis

in order to give an overview of how the di�erent questions modify the forecasters'

predictions. TakingGuess-6 as the baseline, we now compare the respective bene�ts

and drawbacks of the di�erent question formats.

Asking to guess one future realisation (treatment Guess-1 ) requires less e�ort, i.e.

the time is reduced by half to produce a prediction. With this question, the forecast-

ers who put more e�ort, i.e. who take more time, or more experienced forecasters

make predictions that are closer to the mean and the median. However, reporting

the mode is by far the most preferred strategy.
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Asking to report the mean of six future realisations (treatment Mean-6 ) is, on

average, the most successful in eliciting homogeneous forecasts that re�ect a central

tendency of the objective distribution - its mean. The average distance between the

point predictions and the mean of the distribution is the smallest (ymean
i,d = 8.1 units)

and the variance around that measure is only σmode
i,d = 8.2. Nevertheless, with an

average time of 63 seconds, this question is the most time-consuming indicating that

it is likely to be the most cognitively demanding for the participants. Taking more

time to think does not change the subjects' behaviours in this treatment. Everybody

already seems to be investing a great many cognitive resources in order to respond

to the task to report a point close to the mean.

Asking to predict the median of six future realisations (treatmentMedian-6 ) results

in predictions that are, on average, very close to both the mean and the median -

with respectively ymean
i,d = 11.3 and ymedian

i,d = 12.8. According to our results, the

questions used in the Mean-6 and Median-6 treatments seem to have very similar

properties. However, they di�er in two important dimensions. Firstly, even though

the cognitive ability plays an important role in both, it is even more crucial in the

Median-6 treatment where each point in the numeracy score reduces the distance

ymedian
i,d by 3.13 unit. This measure indicates that forecasters with high numeracy

skills seem to better understand the summary statistics that we ask them to use.

Secondly, the e�ort, measured by the average prediction time is much lower in the

Median-6 than in the Mean-6 treatment. It took forecasters only 21 seconds on

average to produce a point prediction in the former compared to 63 seconds in the

latter. In addition, the gains from providing more e�ort in theMedian-6 treatment
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substantially reduce the distance between the point prediction and the median. This

indicates that encouraging respondents to take more time and to think carefully

might actually be very bene�cial for the precision of the prediction. Furthermore,

experience has a positive e�ect on the precision in Median-6 but none in Mean-6 .

This result suggests that respondents in survey panels might actually be able to learn

to predict the median, while there are no e�ects for the mean.

Finally, providing more e�ort decreases the distance to the mean and median and

increases the distance to the mode in all the treatments. Numeracy also has a strong

e�ect on reporting a point closer to the mean and median, but no e�ect on the

distance to the mode.

3.6 Conclusion

In this work we present an experimental study on the properties of di�erent question

formats that aim to elicit point predictions. We study how the questions alter the

selection of points when people are asked to predict the realisations of an iid random

variable with a known distribution. We hope that the results of this study are

informative for survey designers and researchers using point predictions.

We �nd that forecasters with a higher cognitive ability report predictions closer to

the mean and median, particularly when they were asked to report those central

tendencies. This result has several implications. First, measures of numeracy can
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indicate the closeness to the mean or median of a prediction. Second, questions

asking speci�cally for the mean can be asked in groups with a high numeracy score

but should be avoided in groups where this score is low. Third, there might be

bene�ts from educating respondents by helping them to achieve higher numeracy

scores.

Furthermore, we observe that for some simple question formats such as guessing

a single future realisation or the median of six future realisations forecasters who

provide more e�ort, i.e. who take more time to produce a prediction, report point

predictions that are closer to the mean, when a particular point is not being asked

for, or the median when speci�cally asked to summarise the median. These results

suggest that additional hints when answering a question, such as the encouragement

for taking time to think or providing �nancial incentives to compensate people for

their e�ort, might be e�ective tools for providing responses that improve the outcome

when respondents do not put in much e�ort when producing a forecast. Thus,

learning opportunities and examples before eliciting point predictions are very likely

to decrease this distance with the central tendencies.

In the di�erent question formats that we study here, we observe a clear trade-o�

between asking precisely for the mean of a distribution or for a summary of the

distribution without further instructions. Asking for the mean of a distribution is

cognitively demanding and takes much more time to respond. But as a result, this

question format yields predictions that are closer to the desired central tendency

with less variation in the responses between forecasts. Asking for a guess of what
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the next realisation of a random variable might be seems at �rst glance easier to

respond to - as response times are much shorter. However, responses are much more

dispersed and strongly a�ected by whether respondents re�ect on the task and take

the time to produce a prediction or not.
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Appendix A

A.1 Instructions

Page 1

Welcome to our experiment!

During the experiment you are not allowed to use electronic devices or to communi-

cate with other participants.

Please use only the programmes and functions provided for the experiment. Please

do not talk to other participants.

If you have a question please raise your hand. We will come over and answer your

question in private. Please do not ask questions loudly in front of all the other

participants. If the question is relevant for all participants, we will repeat it and
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answer it in front of everyone.

If you do not comply with the rules, you will be excluded from the experiment and

from the remuneration.

This experiment will last 30-40 minutes (instructions included). All of your decisions

are completely anonymous, neither the experimenter nor the other participants will

know about them.

Your remuneration for the experiment depends on your decisions and on chance. You

will at least earn 8e.

Page 2

In the experiment, there are three roles: participant A, participant B and

participant C.

All participants are divided into groups of three. In each group there is one partici-

pant A, one participant B and one participant C.

The participants C have participated in an earlier sessions. In this session

of the experiment, only participants A and participants B are taking part. The roles,

either participant A or participant B, will be randomly assigned. You will be told

what your role is at the end of the instructions.

111



In a prior session of the experiment, participant C worked on the following task:

Participant C had to �nd the di�erence between two images which were

shown alternately on their screen 6 times during approximately one sec-

ond each.

After 15 seconds the �rst image remains on the screen together with a red circle.

Participant C was given 30 seconds to move the circle to the place where the di�erence

between the two pictures was located. The red circle could be moved by clicking on

the picture.

Every time when participant C found the di�erence, he/she earned 4e. Participant

C had to �nd the di�erence in 10 pairs of pictures. Thus, he/she could earn between

0 and 40e.

On the following page, you will see an example of participant Câ��s task. In this

example the di�erence between the two pictures is marked in a blue rectangle to

demonstrate the task.

Beware! The blue mark only appears in the example. During the ex-

periment, participant C was not shown the di�erence marked in a blue

rectangle.

Please click on �Nextâ�� to see an example.
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Page 3

Contained an example of the change detection task.

Page 4

In today's experiment, participant A and participant B have to accomplish three

tasks.

First, participant A and participant B will see the task that participant C had to

accomplish. Participant A and participant B will be shown the exact same pair of

images for the same amount of time as participant C. 1

The task of Participant A and participant B will be to estimate how many

correct answers participant C has given.

In other words, for each possible number of correct answers, participant

A and B will have to determine, how probable it is (between 0 and

100%) that participant C has answered exactly this number of di�erence-

detection tasks correctly.

Example: If participant A or B name 15% as a probability for �2 correct answers�, it

1In the instructions of the treated group, the following sentences are added to this paragraph:
Moreover, participant B will be shown the di�erence between the two pictures in a blue rectangle.
This di�erence is never shown to participant A or C. These two sentences are the only di�erences
between the instructions for the two groups.
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means that in his/her opinion 15 out of 100 people in the role of participant C have

given this number of correct answers.

On the left, an example of the table that you will have to �ll in later is displayed.

The probabilities have to add up to 100%.

Your remuneration for this task is 1,50e.

Page 5

Afterwards participant A receives the same sum of money as participant

C in the previous session. Then participant A can make an o�er to par-

ticipant B, which the latter can accept or refuse.

Participant A proposes a sum between 0 and 40e to participant B. Participant A

can propose 0, 2e, 3e etc. up to 40e, but no more than he/she has received (the

same sum that participant C has earned in the di�erence-detection task).

At the same time, participant B decides on the minimal o�er that he/she is willing

to accept.

After participant A has made his/her o�er and after his/her attributed participant

B has named his lowest acceptable o�er, the experiment is over. The remuneration is

calculated from the o�er of participant A and the corresponding answer of participant

B for this o�er (acceptance or rejection).
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If the o�er made by participant A is greater or equal to participant B's

lowest acceptable o�er, it means that the o�er has been accepted by

participant B. In this case, the sum attributed to participant A will be

split between participant A and participant B, according to participant

Aâ��s o�er.

Example: Participant C has answered 5 questions correctly and thus, participant

A has 20e (5 x 4e) at his disposal. If participant A makes an o�er of 5e and

participant Bâ��s lowest acceptable o�er is 3e, then the �nal split will be:

Participant B receives 5e and participant A receives 15e.

If participant Aâ��s o�er is lower than the lowest acceptable o�er named

by participant B, this means that the o�er has been rejected by participant

B. In this case, both participants earn 0e for this task.

Page 6

During the experiment a third task must be completed: participant A and participant

B must give their expectations regarding the how the other participant in their group

will behave during the experiment.

In every round Participant A has to estimate for each interval (0e, 1-

4e; 5-8e; 9-12e; 13-16e; 17-20e; 21-24e; 25- 28e; more than 28e) how
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probable it is that participant B's lowest acceptable o�er falls into this

interval.

Example: If participant A gives an estimate of 20% for the interval of �1-4e", this

means that he/she thinks, that there is a 20 percent chance that participant B will

determine either 1e, 2eor 3e as his/her lowest acceptable o�er.

In every round participant B has to estimate for each interval (0e, 1-

4e; 5-8e; 9-12e; 13-16e; 17-20 e; 21-24e; 25- 28e; more than 28e) how

probable it is that participant A makes such an o�er.

Example: If participant B gives an estimate of 100% for the interval of �13-16e",

this means that he/she thinks, that there is a 100 percent chance that participant A

will o�er propose him/her either 13e, 14e, 15eor 16e.

On the right, an example of the table that you will have to �ll in later is displayed.

The probabilities have to add up to 100%.

Your remuneration for this task is 1,5e.

Page 7

The experiment will be conducted as follows: First you will see participant C's task.

Then you have to give your estimation for every possible number of correct answers,

how probable it is (between 0% and 100%) that participant C has answered exactly
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this number of questions correctly.

Then participant A and participant B will give their expectations about the other

participant's behaviour during the experiment: Participant A has to estimate for

each interval how probable it is that participant B's lowest acceptable o�er falls into

this interval. Participant B has to estimate for each interval how probable it is that

participant A makes such an o�er.

Then participant A o�ers a sum between 0 and 40 euros to participant B. Simulta-

neously, participant B decides what the lowest o�er is, that he is willing to accept.

After participant A has made his/her o�er and his/her assigned participant B has

named his/her lowest acceptable o�er the experiment is over. At the end of the ex-

periment your remuneration is determined by your own decisions and the decisions

of the other participant assigned to you. Additionally, you will receive 5e for your

participation and 1,50e for the two other tasks.

Page 8

You have been assigned the role of participant A (B).

You can consult the instructions throughout the whole experiment by clicking on

�Instructions". If you have questions, please raise your hands. We will come and

answer them.
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If you do not have any questions, you can click on �Start". The experiment will start

when all participants are ready.
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A.2 Results including outliers

This appendix contains the treatment e�ects measured on the beliefs and the strate-

gies of the respondents as well as the e�ects on the outcome of the ultimatum game,

i.e. the rate of settlement and the pro�t made by the players. We do not report

any new results regarding the proposers' behaviour since no outliers were detected

among them. Table A.1 is the equivalent of Table 1.2 and Table A.2 is the equivalent

of Table 1.4.

The three outliers where all participating in the control treatment. We can see

that adding them to the sample increases substantially the lowest acceptable o�ers

in this treatment and renders the minimal share accepted very high (70%) with a

large standard deviation (180%). These observations indicate that the three subjects

behaved in a strange manner that was very di�erent from all the others. Nevertheless,

the impact of the outliers on our analysis is not substantial. Taking them into account

does not change the direction of the main results. It only dampens the treatment

e�ect on the lowest acceptable o�ers.
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CoK ctrl ∆T p− val

E[M ] 24.8 (5.7) 16.2 (5.5) 8.6 0.00***
E[s] 11.6 (5.4) 9.1 (3.9) 2.5 0.01***

l 7.5 (5.4) 6.5 (5.3) 1.0 0.22
min_share 0.31 (0.2) 0.71 (1.8) -40.0 0.11

# obs 34 31

Table A.1: Treatment E�ects - Respondents

Table containing the averages of E[M ], E[s], l and min_share reported by the re-
spondents in each treatment, the di�erence between both treatment, ∆T , and the
corresponding p-value for a one sided t-test. The �gures in parenthesis are the associ-
ated standard deviations. The stars represent the level of signi�cance associated with
the one sided t-test comparing both treatments; with * being the 10% level, ** 5%
and *** 1%.

CoK ctrl ∆T p− val

settle 0.47 (0.5) 0.59 (0.5) 0.12 0.17

profitr 2.9 (3.5) 4.2 (3.9) -1.2 0.09*
profitp 3.2 (4.2) 3.5 (3.9) -0.3 0.38

profit 3.1 (3.9) 3.6 (3.9) -0.6 0.19

# obs 34 34

Table A.2: Outcome of the game

Table containing the average rate of settlement and pro�ts in each treatment, the
di�erence between both treatment and the corresponding p-value for a one sided t-
test. The �gures in parenthesis are the associated standard deviations. The stars
represent the level of signi�cance associated with the one-sided t-test with * being the
10% level, ** 5% and *** 1%.
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Appendix B

B.1 Instructions

Page 1

Welcome!

Please listen carefully to the instructions. The experiment lasts approximately 120

minutes. During the experiment, we ask that you do not communicate with your

neighbours. If you have any questions, please raise your hand and we will answer

your question in private.
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Page 2

Before starting the experiment, we will present the instructions. We will explain the

progress of the experiment in detail.

The experiment consists of two parts that vary slightly in the tasks you will be asked

to ful�l. First, we will present the task of the �rst part and after completing the �rst

part, we will present the task of the second part.

Once you have started, an on-screen summary of the instructions will be available

for the duration of the experiment.

We will also provide you with a printed copy of the instructions.

When you have �nished the experiment, please, stay seated! We will come to your

cubicle and will also give you a reward for your participation.

Page 3

Imagine that you are working for a consulting �rm as a forecaster. Your task is to

predict the future pro�ts of di�erent companies.
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Page 4

All companies make a pro�t between -35 and 35. More speci�cally, the pro�t of each

company is one of the following numbers: -35, -25, -5, -5, 5, 15, or 25, 35.

To the left, you can see an example of the chances associated with making these

eight pro�ts in the form of a histogram. The vertical axis of this histogram shows

the probability that each of the eight potential pro�ts (-35, -25, -15, -5, 5, 15, 25 or

35) realizes.

This histogram is from Company X.

Page 5

You follow the company for 10 periods. In each period, the company makes a new

pro�t. The next period's pro�t is not known in advance. It will be determined by

the computer drawing randomly one from eight pro�ts (-35, -25, -15, -5, 5, 15, 25

or 35) and this is according to the chances that each particular pro�t is realised.

The probabilities that a particular pro�t is realised are shown in the histogram. The

pro�t of the company in a particular period is independent of other past and future

pro�ts.

Your task is to provide a quanti�ed forecast of the company's pro�t earned in the

next period.
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As a forecast you can specify any number between -35 and 35.

You can see below an example, where you can enter your prediction for period 4.

Once you have provided your forecasts, you can validate them by pressing the �Val-

idate" button.

Page 6

Once your prediction has been validated, you move on and the pro�t of the next

period is realised as follows:

The computer draws a number at random while respecting the probabilities visible in

the histogram. For example, the histogram on this screen indicates that the number

�-5" has a chance of ...% being drawn. That is, in a large sample of random draws

(e.g. 1,000,000 draws) about ...pro�ts would be �-5".

The computer will draw a new number at each period. The chance that a number

will be drawn again corresponds to the percentages indicated in the histogram.

Page 7

The �History" table at the right of the screen summarises for each period the realisa-

tions of the pro�ts and your predictions. The �Period" column indicates the period in
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which the pro�t was realised. Your prediction for this period is in the �Predictions"

column.

The pro�t made in that period appears in the �Realisation" column after each period.

Page 8

Test the program and make a prediction for period 4 !

Page 9

Note that your prediction appears in the �Predictions" row where period is equal to

4.

In total, you make predictions for 10 companies. This completes the �rst part. In the

second part, you also make forecasts, under other conditions that will be explained

to you after completing the �rst part.

Page 10

A summary of the instructions will be available throughout the experiment. You

can consult it by pressing the �Instructions" button at the bottom left. In addition,

if necessary, you can access a calculator throughout the experiment by pressing the
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button with the symbol of a calculator, next to the instructions button.

Page 11

At the end of the experiment, you will receive a summary for all companies that you

have evaluated. This information summarises your predictions and pro�t realisations

separately for both parts. You will receive for your predictions 35 CAD and 5 CAD

for your participation in the experience - a total of 40 CAD.

Page 12

This is the end of the instructions. If you have any questions, please raise your

hand. We will answer your question in private at your place. If you do not have any

questions, you can start the experiment.

B.2 Probability Distributions

The distributions used for the experiments {pn} have a discrete support with prob-

ability mass on eight equidistant points n ∈ {1, . . . , 8} with distance d. We have

chosen a symmetric support around zero with d = 10, resulting in the set of points

n ∈ {−35,−25,−15,−5, 5, 15, 25, 35} as support for the distributions. The distribu-
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tions vary in the location of their central tendencies, i.e., the mean µ =
∑︁n

n=n npn,

median m = {minn :
∑︁n

i=n pi ≥ 0.50} and mode M = {n : max pn}. The distri-

butions are chosen in such a way that their central tendencies lie each in a di�erent

interval around a point n± d/2.

The distributions used in the experiment are presented in Table B.1 and Figure

2.2. In its �rst three column, the table summarizes the three central tendencies

and presents the probability distribution and cumulative distribution. We use each

distribution twice: once in its original form (odd lines in Table B.1 and left column in

Figure 2.2) and once its mirror image (the following even line and the right column,

resp.). For example, distribution 2 is the mirror image of 1. We use two unimodal

distributions (no 1 and 3 and their corresponding mirror images 2 and 4).1 For both

distributions M < m < µ, and µ < m < M for the corresponding mirror image. To

allow for the order m < µ < M (and its mirror image M < µ < m) and to increase

the distance between the central tendencies, we additionally use distributions that

are �slightly� bimodal. For those distributions, we de�ne as mode the point n with

the most probability mass which for distributions 11 and 12 (5 and 6) [7,8 and 9,10]

has at least 6 (8) [10] percentage points more than the point with the second highest

probability mass. We use distribution 13 as an example in the instructions, but not

in the experiment.

In total, counting each distribution and its mirror image separately, we use 12 dis-

1A discrete distribution is unimodal with the integer M as mode if pn ≥ pn−1, n ≤ M and
pn ≤ pn−1, n > M . Distributions 1 and 3 (2 and 4, resp.) are not strong unimodal distributions,
in the sense of case p2n ≥ pn−1pn+1. (Encyclopedia of Statistical Sciences, 2006)
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tributions for the experiment. For half of the distributions, the order of the central

tendencies is M < m < µ (distributions 1, 3 and 5) and µ < m < M for their

mirror distribution. For the other half and their mirror distribution, the order is

M < µ < m (distributions 7, 9 and 11) and m < µ < M , respectively.2

2Nevertheless, the order µ < M < m and m < M < µ is theoretically possible for discrete
distributions, we would have needed a support with more equidistant points to implement such
order. We did not extend the support in order to have meaningful probability mass on each point
of the support.
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Appendix C

C.1 Instructions

The instructions are very similar in all treatments. The di�erences between treat-

ments are indicated in bold.

Page 1

Welcome!

Please listen carefully to the instructions. The experiment lasts approximately 120

minutes. During the experiment, we ask that you do not communicate with your

neighbours. If you have any questions, please raise your hand and we will answer

your question in private.
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Page 2

Before starting the experiment, we will present the instructions. We will explain the

progress of the experiment in detail.

The experiment consists of two parts that vary slightly in the tasks you will be asked

to ful�l. First, we will present the task of the �rst part and after completing the �rst

part, we will present the task of the second part.

Once you have started, an on-screen summary of the instructions will be available

for the duration of the experiment.

We will also provide you with a printed copy of the instructions.

When you have �nished the experiment, please, stay seated! We will come to your

cubicle and will also give you a cash compensation for your participation.

Page 3

Imagine that you are working for a consulting �rm as a forecaster. Your task is to

predict the future pro�ts of di�erent companies.

Page 4

All companies make a pro�t between -35 and 35. More speci�cally, the pro�t of each

company is one of the following numbers: -35, -25, -5, -5, 5, 15, or 25, 35.
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To the left, you can see an example of the chances associated with making these

eight pro�ts in the form of a histogram. The vertical axis of this histogram shows

the probability that each of the eight potential pro�ts (-35, -25, -15, -5, 5, 15, 25 or

35) realizes.

This histogram is from Company X.

Page 5

You follow the company for 10 periods. In each period, the company makes a new

pro�t. The next period's pro�t is not known in advance. It will be determined by

the computer drawing randomly one from eight pro�ts (-35, -25, -15, -5, 5, 15, 25

or 35) and this is according to the chances that each particular pro�t is realised.

The probabilities that a particular pro�t is realised are shown in the histogram. The

pro�t of the company in a particular period is independent of other past and future

pro�ts.

In the Guess-1 Treatment : Your task is to provide a quanti�ed forecast of the

company's pro�t earned in the next period.

In the Guess-6 Treatment : Your task is to provide a quanti�ed forecast of the

company's pro�ts earned in the next six periods.

In the Mean-6 Treatment : Your task is to provide a quanti�ed forecast of the

company's average pro�t earned in the next six periods.

In the Median-6 Treatment : Your task is to provide a quanti�ed forecast of the
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company's median pro�t earned in the next six periods.

In the Mean-6 Treatment : The average pro�t is a number which, multiplied by

the number of periods, gives the total of the pro�ts realized for these periods. For

example, if the pro�ts of six periods are 15, -5, -15, 5, 25 and 15, the total pro�t is

40 and the average pro�t is 6.67, because 6.67x6 = 40.

In the Median-6 Treatment : The median is the number for which half, i.e. three

of the realised pro�ts from the next six periods are lower and the other half, thus

the other three pro�ts are higher. For example, if pro�ts were 15, -5, -15, 5, 25 and

15, the median would be 10.

As a forecast you can specify any number between -35 and 35.

In the Guess-1 Treatment : You can see below an example, where you can enter

your prediction for period 4.

In the Guess-6, Mean-6 and Median-6 Treatments : Below, you can see an

example, where you can enter your prediction for periods 1 to 6.

Once you have provided your forecasts, you can validate them by pressing the �Val-

idate" button.

Page 6

In the Guess-1 Treatment : Once your prediction has been validated, you can

move on and the pro�t of the next period will be realised in the following way:
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In the Guess-6, Mean-6 and Median-6 Treatments : Once your prediction

has been validated, you move on and the pro�t of the next six periods are realised

as follows:

The computer draws a number at random while respecting the probabilities visible in

the histogram. For example, the histogram on this screen indicates that the number

�-5" has a chance of ...% being drawn. That is, in a large sample of random draws

(e.g. 1,000,000 draws) about ...pro�ts would be �-5".

The computer draws a new number at each period. The chance that a number will

be drawn again corresponds to the percentages indicated in the histogram.

Page 7

The �History" table at the right of the screen summarises for each period the re-

alisations of the pro�ts and your predictions. The "Period" column indicates the

period in which the pro�t was realised. Your prediction for this period is in the

"Predictions" column.

In the Guess-6, Mean-6 and Median-6 Treatments : Note that you will be

asked to give one prediction for six consecutive periods, which the table saves as six

separate predictions.

The pro�t made in that period appears in the �Realisation" column after each period.
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Page 8

In the Guess-1 Treatment : Test the program and make a prediction for period

4!

In the Guess-6, Mean-6 and Median-6 Treatments : Test the program and

make a prediction for periods 1 to 6!

Page 9

In the Guess-1 Treatment : Note that your prediction appears in the row �Pre-

dictions" where period is equal to 4.

In the Guess-6, Mean-6 and Median-6 Treatments : Note that your predic-

tion appears in the row "Predictions" for the periods of your prediction, periods 1

to 6.

In total, you will be asked to make predictions for 10 companies. This completes the

�rst part. In the second part, you will also make forecasts, under other conditions

that will be explained to you after completing the �rst part.

Page 10

A summary of the instructions will be available throughout the experiment. You

can consult it by pressing the �Instructions" button at the bottom left. In addition,
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if necessary, you can access a calculator throughout the experiment by pressing the

button with the symbol of a calculator, next to the instructions button.

Page 11

At the end of the experiment, you will receive a summary for all companies that you

have evaluated. This information summarises your predictions and pro�t realisations

separately for both parts. For making these predictions, you will receive 35 CAD

and 5 CAD for your participation in the experiment - a total of 40 CAD.

Page 12

This is the end of the instructions. If you have any questions, please raise your hand.

We will answer your question in private at your station. If you do not have any

questions, you can start the experiment.
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