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Abstract

Recent theoretical work implicates decision confidence as a central com-

ponent of decision-making under uncertainty, attributing failures of Expected

Utility (EU) to a lack of confidence. We design an experiment testing EU’s

central independence axiom and contemporaneously eliciting measures of de-

cision confidence. We find that choices characterized by high self-reported

levels of decision confidence and low response times are more likely to com-

ply with the independence axiom. Contrary to the common certainty effect

rationale for independence violations, we show that subjects predominantly

violate EU by choosing risky lotteries over certain amounts when they are

unconfident in their choices.
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1 Introduction

A central research question in economics is how individuals make decisions in the

presence of uncertainty. Research has demonstrated critical shortcomings in the

neoclassical formulation of Expected Utility (EU) and its central assumption, the

independence axiom. In the most famous counterexample of EU proposed by Mau-

rice Allais in 1952, individuals typically violate the independence axiom by showing

higher risk aversion when one certain option is available than when all the available

options are uncertain. This tendency, known as the “certainty effect” (Kahneman

and Tversky, 1979), is a centerpiece of theoretical alternatives to EU—most notably

Cumulative Prospect Theory (CPT) introduced by Tversky and Kahneman (1992).

Recent research has challenged the empirical regularities related to the certainty

effect and the theoretical explanations proposed to rationalize them. In particular,

Blavatskyy et al. (2022a, 2022b) and Jain and Nielsen (2022) show that the certainty

effect is a fragile empirical finding whose emergence is systematically affected by

features of the experimental design. Moreover, Bernheim and Sprenger (2020) find

no evidence of the rank-dependence assumption through which CPT rationalizes the

certainty effect as well as other behaviors incompatible with EU.Motivated by these

findings, we design an experiment to study the relevance of the certainty effect and

to investigate an alternative mechanism for violations of EU’s independence axiom:

lack of confidence when choosing between different lotteries.

Our paper provides the first experimental investigation of the independence ax-

iom through the lens of the EU core, which captures the largest subrelation of a

preference relation that satisfies the independence axiom (Cerreia-Vioglio, 2009).

When a decision-maker violates the independence axiom, his EU core is a partial

order that is typically interpreted as the subset of his uncontroversial rankings. This

interpretation suggests that violations of the independence axiom should only arise

in choice problems that are “hard” enough so that the decision-maker feels uncon-

fident about them. Recent non-EU models further appeal to the lack of decision

confidence as the driving force for violations of the independence axiom (Cerreia-

Vioglio et al. 2015 2020, 2022). However, little is known empirically about the

relationship between decision confidence and violations of the independence ax-
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iom, which is what our experiment explores.1

In our experiment we ask subjects to make incentivized choices between lotter-

ies. After each choice, subjects report on a scale from zero to 100 how confident

they are about their choices. We also collect response times as an additional proxy

for confidence. To construct the pairs of lotteries in the experiment, we start with

an initial set of unmixed comparisons, each consisting of a certain prize and a risky

lottery. Next, to test the independence axiom, we createmixed comparisons by mix-

ing each of the lotteries in an unmixed comparison with a series of third common

lotteries. Evaluating independence by assessing behavior in multiple mixed com-

parisons allows us to assess the independence axiom—and hence adherence to the

EU core—for each choice.

We conducted our experiment on the online platform Prolific.co with 300 sub-

jects. Each subject made binary choices over lotteries in 74 comparisons. We as-

sess adherence to the independence axiom for each choice and relate that adherence

to measures of decision confidence. A central result of the paper is that behavior

is more likely to comply with the independence axiom when subjects report high

confidence and make their decisions quickly. In contrast, behavior systematically

deviates from EU when subjects report low confidence and take more time to make

their choices.

In addition, we study the relationship between risk aversion and decision confi-

dence. It may seem plausible to expect individuals to display higher risk aversion

when they are not confident. This prediction is consistent with an interpretation of

the negative certainty independence (NCI) axiom introduced by Dillenberger (2010)

to rationalize the certainty effect. Cerreia-Vioglio et al. (2015) show that NCI can

be interpreted as a completion rule for incomplete but otherwise EU preferences

according to which “when in doubt, the decision-maker (DM) chooses a risk-free

lottery.” Somewhat surprisingly, we find evidence against NCI and its interpreta-

tion: individuals are more likely to violate the independence axiom by choosing

risky lotteries over certain prizes in situations of low confidence.

1A few works on preference imprecision examine the association between the lack of decision

confidence and EU violations obtaining mixed evidence (Butler and Loomes, 2011; Cubitt et al.,

2015).
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Finally, we study whether the mere presence of a certain prize in a choice prob-

lem makes independence violations more likely. Recent work finds evidence con-

sistent with the idea that people value certain and uncertain outcomes differently

(Halevy, 2008; Andreoni and Harbaugh, 2009; Andreoni and Sprenger, 2010, 2011,

2012). Our experiment produces more data to detect EU violations in choices with a

certain alternative than in choices where all alternatives are risky. In the benchmark

scenario of an EU decision-maker who makes mistakes, more data to test indepen-

dence translates into higher expected independence violations. We then adopt the

error model of Harless and Camerer (1994) to control for this asymmetry and find

that certainty only plays a role when we build mixed comparisons using a fixed third

common lottery as it is common for testing the independence axiom.

Our results suggest that decision confidence is a key variable in deepening our

understanding of why subjects deviate from EU. In the experimental literature on

preferences for randomization, Agranov and Ortoleva (2017) show that individuals

strictly prefer to randomize in “hard” comparisons and consequently violate the in-

dependence axiom. Arts et al. (2022) design an experiment to elicit both decision

confidence and randomization probabilities in choices under risk. In line with the

interpretation of the hard questions in Agranov and Ortoleva (2017), they show that

subjects tend to choose randomization probabilities that are close to uniform when

they report low confidence measures. In our experiment, we obtain the same rela-

tionship between decision confidence and violations of the independence axiom.

More broadly, our paper relates to the literature in psychology, neuroscience

and economics documenting how behavioral anomalies are often associated with

low levels of decision confidence.2 Enke and Graeber (2019) show that cognitive

uncertainty—measured as subjective uncertainty over the ex-ante utility-maximizing

decision—is associated with an attenuated relationship between decisions and prob-

lem parameters. This attenuated relationship may lead to the emergence of well-

known behavioral patterns, such as the fourfold pattern of risk attitudes. In a related

work, Oprea (2022) shows apparent evidence of probability weighting and loss aver-

2Examples from psychology and neuroscience include De Martino et al. (2013), Aitchison et al.

(2015), Meyniel et al. (2015), Folke et al. (2016), Meyniel and Dehaene (2017), Desender et al.

(2018), Boldt et al. (2019), Rollwage et al. (2020), da Silva Castanheira et al. (2021), among many

others.
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sion in problems without risk or loss, suggesting that these behavioral anomalies

may be partly driven by the complexity of the lotteries rather than by risk prefer-

ences.

We contribute to this literature by focusing on the choice implications of low

decision confidence in the risk domain. In particular, we show that subjects tend to

adopt a form of “incaution” when reporting low confidence levels by choosing the

riskiest available lottery. This finding is consistent with decision models that rely

on the positive certainty independence (PCI) axiom (Cerreia-Vioglio et al., 2020).

The PCI axiom rationalizes the behavioral pattern opposite to the certainty effect

and predicts the relationship between decision confidence and preference for risky

alternatives we observe in the data.

Moreover, our paper highlights that features of the experimental design may af-

fect the overall amount of independence violations and the conclusions about their

sources. Most experimental research on the independence axiom focuses on varia-

tions of the Allais paradox, in which we know that the certainty effect constitutes

the modal behavioral pattern.3 However, our results show that the predominance of

the certainty effect may not be robust to richer environments where subjects face a

wider variety of unmixed and mixed comparisons.4

Another stylized fact in choices under risk that we put under scrutiny is that

violations of the independence axiom are less frequent in comparisons with nonde-

generate lotteries over common prizes. Camerer (1992) writes that “much as New-

tonian mechanics is an adequate working theory at low velocities, EU seems to be

an adequate working theory for gambles inside the triangle”.5 Our analysis chal-

lenges the generality of this conclusion showing that its validity may depend on the

mechanism through which mixed comparisons are constructed.

The paper proceeds as follows. Section 2 describes the theoretical framework

in the context of our experimental design. Section 3 illustrates our experimental

design. Section 4 presents our main findings and Section 5 concludes.

3We refer to Blavatskyy (2010) for a review of this literature.
4Jain and Nielsen (2022) also find that the certainty effect is not the most common behavioral

pattern that violates the independence axiom.
5See also Starmer (2000).
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2 Theoretical Framework

We describe the theoretical framework in the context of our experimental design.

All questions in the experiment involve lotteries over the set of monetary prizes

X = {$1,$7,$20}. We denote the set of lotteries with prizes in X by 4(X). We

refer to generic prizes in X by x and denote generic lotteries in4(X) by p, q, r and s.

We represent the three-outcome lottery, q, giving $1 with probability q(1), $7 with

probability q(7) and $20 with probability q(20) as ($1,q(1) ;$7,q(7) ;$20,q(20)).
We write the lottery that gives $x for sure as δx and we refer to generic pairs of

lotteries (s,r) ∈ 4(X)2 as comparisons. Moreover, we denote by N be the set of

all the subjects in the experiment, and by %i and �i the weak and strict preference

relations of a subject i ∈ N over4(X).

The preference %i satisfies the independence axiom if for all lotteries q,s,r ∈
4(X) and for all λ ∈ (0,1],

s %i r ⇒ λ s+(1−λ )q %i λ r+(1−λ )q.

The EU core of%i is the subrelation%∗
i such that for all lotteries q,s,r ∈4(X) and

for all λ ∈ (0,1],6

s %∗
i r ⇔ λ s+(1−λ )q %i λ r+(1−λ )q.

That is, s %∗
i r whenever subject i prefers s to r and mixing both lotteries s and r

with a third common lottery q does not affect the relative preferences of i between s

and r.7 Cerreia-Vioglio (2009) proves that %∗
i is the greatest subrelation of %i that

satisfies the independence axiom.8 Therefore, to study how the independence axiom

fails, we test for each subject i separately or for all subjects i ∈ N at the aggregate

6%∗
i is a subrelation of %i if for all lotteries s and r, s %∗

i r implies s %i r.
7In our experiment, we study the EU core by considering only “one-stage” lottery mixtures, rather

than two-stage compound lotteries. In other words, we focus on mixture independence, rather than

compound independence, as defined in Segal (1990).
8That is, if %∗∗

i is another subrelation of %i that satisfies the independence axiom, then %∗∗
i is a

subrelation of %∗
i .
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level the following hypothesis:

s %∗
i r or r %∗

i s. (EU-CORE)

Throughout the paper, we say that hypothesis EU-CORE holds if we find no evi-

dence against it, while we say that it fails otherwise. By correlating the results of

hypothesis EU-CORE with the measures of decision confidence that we collect, we

test the interpretation of s %∗
i r as individual i being confident that lottery s is better

than lottery r. Moreover, we examine whether individuals are more likely to choose

the safer or the riskier lottery when hypothesis EU-CORE does not hold and when

they declare to be unconfident. If either lottery s or lottery r is degenerate, this anal-

ysis will allow us to shed light on the relevance of the certainty effect. Finally, we

study whether hypothesis EU-CORE is more likely to hold in comparisons where

the two lotteries are risky and have the same support.

3 Experimental Design

The rationale behind the experimental design is to create a rich dataset to study for

what comparisons individuals are more likely to violate hypothesis EU-CORE and

test whether the lack of decision confidence can explain failures of hypothesis EU-

CORE. This section first illustrates the comparisons that we consider in the experi-

ment. Next, we describe the questions that subjects answer about each comparison.

Finally, we discuss the recruitment procedures and the experimental payments.9

3.1 Comparisons

There are three treatments: “Worst”, “Bad” and “WorstBest.” In all treatments, sub-

jects face the same 17 comparisons that we call unmixed, each involving the degen-

erate lottery δ7 and a risky lottery. The treatments differ in how we construct the

additional comparisons to test the independence axiom. In what follows, we use

the Marschak-Machina (MM) triangle to describe the lotteries in the experiment

9We registered the experimental design and the analysis plan at the AEA RCT Registry as

AEARCTR-0008615 (Lucia, 2022).

7



0 0.2 0.4 0.6 0.8 1
0

0.2

0.4

0.6

0.8

1
Unmixed

0 0.2 0.4 0.6 0.8 1
0

0.2

0.4

0.6

0.8

1
Worst Treatment

0 0.2 0.4 0.6 0.8 1
0

0.2

0.4

0.6

0.8

1
Bad Treatment

0 0.2 0.4 0.6 0.8 1
0

0.2

0.4

0.6

0.8

1
WorstBest Treatment

Figure 1: Unmixed and mixed comparisons in the three treatments.

(Marschak, 1950; Machina, 1982). The top-left graph in Figure 1 shows the un-

mixed comparisons in the MM triangle. In all the graphs of Figure 1, the probability

of receiving $20 is on the vertical axis, and the probability of receiving $1 is on the

horizontal axis. Therefore, the generic point (x,y) in the MM triangle represents the

lottery ($1,x;$7,1− x− y;$20,y). Each segment connecting the degenerate lottery
δ7 with a risky lottery represents an unmixed comparison between these two lotter-

ies.

In order to test hypothesis EU-CORE for an unmixed comparison (δ7,r), we
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need at least another comparison (p,q) of the following form:

p = λδ7 +(1−λ )z and q = λ r+(1−λ )z,

where both lotteries p and q are constructed by mixing lotteries δ7 and r with a third

common lottery z, using a fixed probability weight λ ∈ (0,1). We call comparisons

that satisfy this property mixed. In particular, we omit the dependence on the third

common lottery and refer to (λδ7,λ r) as a λ -mixed comparison.

Each treatment includes an equal number of 0.95-mixed, 0.7-mixed, and 0.4-
mixed comparisons. Overall, there are 51 mixed comparisons in each treatment.

The 0.95-mixed comparisons involve one almost degenerate lottery, i.e., 0.95δ7 +

0.05z, while lotteries in the remaining mixed comparisons are all “far” from being

degenerate. Therefore, we can study whether the presence of a degenerate or almost

degenerate lottery is the main driver for the violations of hypothesis EU-CORE.

In the Worst treatment, we build λ -mixed comparisons by mixing the lotteries

in each of the 17 unmixed comparisons with the “worst” lottery ($1,1) using the

probability weight λ ∈ {0.95,0.7,0.4}. To construct mixed comparisons in the Bad
treatment, we repeat the same procedure except for replacing lottery ($1,1) with
lottery ($1,0.9;$7,0.05;$20,0.05), which is inside the MM triangle. The bottom-

left graph of Figure 1 represents themixed comparisons in the Bad treatment. Unlike

theWorst treatment, mixed comparisons in the Bad treatment have lotteries with the

same support. Therefore, we can study the relevance of this feature by comparing

failures of hypothesis EU-CORE in the Worst and the Bad treatments.

Mixed comparisons in the Worst and the Bad treatments cluster in the southeast

region of theMM triangle. This concentrationmay preclude us from detecting viola-

tions of hypothesis EU-CORE.10 To account for this potential concern, we consider

an additional treatment that we call WorstBest. The WorstBest treatment shares

the same 0.95-mixed comparisons of the Worst treatment. The 0.7-mixed compar-
isons are constructed by mixing the lotteries in each of the 0.95-mixed comparisons
with the “best” lottery ($20,1) using 0.7/0.95 as probability weight. Finally, for

10For instance, this is the case if subjects’ preferences are consistent with the fanning-out hypoth-

esis (Machina, 1982, 1987).
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Table 1: Experimental design.

Worst Bad WorstBest

# Unmixed Comparisons 17 17 17

# Mixed Comparisons 51 51 51

# Dominance Comparisons 6 6 6

Third Common Lottery Fixed Fixed Alternate

Probability Weights 0.95,0.7,0.4 0.95,0.7,0.4 0.95,0.7,0.4

Sample Size 100 100 100

0.4-mixed comparisons, we mix the lotteries in each of the 0.7-mixed comparisons
with lottery ($1,1) using 0.4/0.7 as probability weight.11 The bottom-right graph

of Figure 1 describes the mixed comparisons in the WorstBest treatment.

Table 1 summarizes our experimental design. The large number and the diver-

sity of the comparisons in the experiment enable us to test hypothesis EU-CORE

throughout the MM triangle and ensure that systematic and persistent violations of

hypothesis EU-CORE are not just a reflection of indifference.12 To further evaluate

the reliability of our data, we also include in each treatment six comparisons involv-

ing stochastically dominated lotteries.13 When presenting our results, we exclude

all subjects that chose the stochastically dominated lottery more than once.14

3.2 Questions

We first asked subjects to indicate the lottery they preferred for each comparison.

Next, we asked them to report their confidence level on a scale from zero (not con-

fident at all) to 100 (completely confident). We also collected response times in

these answers as an indirect measure of decision confidence.15 Subjects answered

11This approach ensures that differences in expected values between lotteries in unmixed and

mixed comparisons are constant across the three treatments. That is, in all treatments, λ -mixed

comparisons can be created bymixing the lotteries in unmixed comparisons with some third common

lottery z using λ as probability weight.
12The “indifference” argument is a common critique for experiments that document preference

reversals (Blavatskyy, 2010).
13We report these six comparisons in Appendix A.
14Overall, 32 out of 300 subjects chose the stochastically dominated lottery more than once.
15We report our analysis on response times in Appendix E.
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Figure 2: Decision screen from the experiment.

one question at a time. Once subjects selected an answer, they could not modify it.

Figure 2 shows a decision screen from the experiment. In this example, a subject

who declared to prefer lottery ticket A over lottery ticket B is asked to report how

confident he feels about this choice. The slider always started at 50. In order to

proceed to the next question, subjects needed to click on the slider at least once.

3.3 Recruitment and Experimental Payments

We recruited 300 subjects through the online platform Prolific.co to run the exper-

iment. A total of nine sessions were conducted between February 22 and February

26 of 2022. Overall, we recruited 100 subjects for each treatment. Our sample

consisted of United States citizens between the ages of 18-30 with at least a high-

school education. We focused on this sample because most previous experiments

involving common ratio questions have been conducted on undergraduate samples.

Moreover, given that there were three times more women than men within the popu-

lation of possible participants that met these criteria, we asked the platform to recruit
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Table 2: Hypothesis EU-CORE.

Worst Bad WorstBest

% hp. EU-CORE holds 57.03% 57.58% 52.08%

(0.71) (0.76) (0.73)

N. of subjects 95 82 91

N. of observations 4845 4182 4641

Notes: Percentage of comparisons consistent with hypothesis EU-CORE at the individ-

ual level in the three treatments. Standard errors in parenthesis.

an equal number of men and women.16

Each subject received a fixed payment of $4.75 and had a one out of ten chance

of receiving a bonus payment. The software randomly selected one of the 74 com-

parisons for subjects that received a bonus payment. Subjects were paid the realiza-

tion fromwhichever lottery they had chosen in the randomly selected comparison.17

4 Results

Table 2 summarizes the fraction of comparisons consistent with hypothesis EU-

CORE in the three treatments of the experiment. In the Worst and the Bad treat-

ments, approximately 57% of the observations are consistent with hypothesis EU-

CORE. The main difference between mixed comparisons in these two treatments is

that lotteries have different support in the Worst treatment while sharing the same

support in the Bad treatment. However, given the statistically-indistinguishable per-

centage of comparisons consistent with hypothesis EU-CORE, we find that this dif-

ference is inessential. In theWorstBest treatment, the percentage of consistent com-

parisons goes down by approximately five percentage points. The novel approach

used to construct mixed comparisons in the WorstBest treatment allows us to de-

tect more failures of hypothesis EU-CORE. Most importantly, it will enable us in

Section 4.3 to shed new light on the role of certainty as a driver for such failures.

The analysis that follows aims to uncover the relevance of decision confidence

16Table 7 in Appendix B summarizes the demographic information of the participants.
17The complete instructions with screenshots from the experiment are presented in Appendix F.
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and the availability of certain alternatives as potential explanations for the violations

of hypothesis EU-CORE that we observe. We begin by presenting the estimates

from the two linear probability models reported in Table 3. In both regressions, the

dependent variable is equal to one if the observation is consistent with hypothesis

EU-CORE, zero otherwise. The two regressions differ in the variable used to mea-

sure decision confidence. Regression (1) uses the collected measures of decision

confidence, while regression (2) uses response times. We find a strong positive

correlation between decision confidence and the likelihood of being consistent with

hypothesis EU-CORE. Moreover, subjects who spend more time choosing the pre-

ferred lottery are more likely to violate hypothesis EU-CORE.18

Table 3 also provides new insights into how subjects are violating the indepen-

dence axiom and what is the role of certainty in driving such violations. Subjects

who choose riskier over safer lotteries are approximately a 30% more likely to vi-

olate hypothesis EU-CORE. Section 4.1 will further document this observation for

unmixed comparisons, concluding that the certainty effect is not the most relevant

violation of hypothesis EU-CORE. The analysis of decision confidence in Section

4.2 will also provide a rationale for why this happens, showing that subjects aremore

likely to prefer the risky lottery over the certain prize when they are less confident.

Moreover, subjects are more likely to violate hypothesis EU-CORE in unmixed

comparisons than in mixed comparisons. Taken at face value, this result is consis-

tent with the idea that the availability of certain alternatives plays a role in driving

violations of hypothesis EU-CORE. Nevertheless, in Section 4.3, we will show that

this conclusion is not entirely robust to a more sophisticated analysis that allows us

to control for the different stringency of the requirements that hypothesis EU-CORE

imposes on different types of comparisons.

4.1 The Prevalence of the Reverse Certainty Effect

Subjects violate hypothesis EU-CORE in line with the certainty effect if they choose

the certain alternative in an unmixed comparison and the riskier lottery in one of

the associated mixed comparisons. The reverse certainty effect refers instead to

18In Appendix E, we show that response times negatively correlate with decision confidence,

confirming the intuition that subjects spend more time when not confident about their choices.
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Table 4: Certainty effect violations

Worst Bad WorstBest

# Total Violations of Hp. EU-CORE 907 762 838

% Certainty Effect Violations 35.94% 29.92% 45.94%

Notes: Percentage of certainty effect violations (unmixed comparisons only).

the opposite behavioral pattern: subjects choosing the risky lottery in an unmixed

comparison and then switching to the safer lottery in one of the associated mixed

comparisons. Any failures of hypothesis EU-CORE in unmixed comparisons can

be then classified as a certainty effect or a reverse certainty effect violation. In this

section, we will study which of the two behavioral patterns is more frequent in our

experiment.

Table 4 documents that in all treatments of the experiment, certainty effect vi-

olations are less frequent than reverse certainty effect violations. However, an im-

portant aspect that is worth considering to compare the relevance of these two types

of violations is that their emergence in an experiment may be inflated or deflated

depending on the relative attractiveness of risky lotteries. For instance, if most sub-

jects prefer risky lotteries over certain prizes in unmixed comparisons, we will have

more data to test the certainty effect. In the benchmark scenario of an EU subject

who makes mistakes, more data to test the certainty effect automatically translates

into higher expected certainty effect violations.

For this reason, we examine the emergence of the certainty effect controlling

for the fraction of subjects in each unmixed comparison that prefer the certain prize

over the risky lottery. Figure 3 shows for each unmixed comparison the percentage

of subjects choosing the certain prize on the x-axis and the percentage of reverse

certainty effect violations over all violations of hypothesis EU-CORE on the y-axis.

The blue circles represent unmixed comparisons in the Worst treatment, the red

circles in the Bad treatment, and the green circles in the WorstBest treatment. The

size of the circles informs about the overall percentages of violations of hypothesis

EU-CORE, with bigger circles corresponding to higher ranges of percentages.

The fact that the relevance of the certainty effect increases as the fraction of sub-

jects choosing the certain prize in unmixed comparisons increases suggests that one
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Figure 3: Percentages of reverse certainty effect violations for all comparisons.

has to take seriously the potential bias arising from the unbalance in the available

data discussed above. Nevertheless, “fair” comparisons can be made by looking at

unmixed comparisons in which both lotteries are chosen by a non-negligible frac-

tion of subjects. For instance, the shaded yellow region in Figure 3 includes all

the unmixed comparisons for which the percentage of subjects choosing the certain

prize is between 30% and 70%. For comparisons in this region, reverse certainty

effect violations are always more frequent than certainty effect violations.

The size of the circles in Figure 3 provides further evidence against the rele-

vance of the certainty effect. As the fraction of subjects choosing the certain prize

increases, the size of the circles tends to be smaller. In other words, the more data

we have to observe certainty effect violations of hypothesis EU-CORE, the smaller

the total number of hypothesis EU-CORE failures that we observe.19

19In Appendix D, we provide additional evidence of the relevance of the reverse certainty effect

by studying the implications of the NCI and PCI axioms on risk attitude.
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Figure 4: Hypothesis EU-CORE and confidence in all treatments.

4.2 A Possible Mechanism: Decision Confidence

The estimates of the linear probability models in Table 3 indicate that hypothesis

EU-CORE is more likely to hold when subjects declare to be confident about their

decisions. Figure 4 provides a graphical representation of this result, describing the

empirical cumulative distribution functions of decision confidence for observations

in which hypothesis EU-CORE holds (red distribution) and does not hold (blue dis-

tribution). The red distribution in Figure 4 stochastically dominates the blue one,

indicating that conditional on being consistent with hypothesis EU-CORE, subjects

in our experiment tend to report higher confidence levels.20

The positive correlation between decisions with low confidence and failures of

20In Appendix C we further explore the relationship between hypothesis EU-CORE and decision

confidence using the notion of “indecisiveness” introduced by Cerreia-Vioglio et al. (2015). An

individual is more indecisive than another if his EU core is smaller in the sense of set inclusion. Our

analysis provides an empirical justification for the use of the term “indecisive,” showing that more

indecisive individuals tend to report lower levels of decision confidence.
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hypothesis EU-CORE summarized in Figure 4 on the one hand, and the prevalence

of the reverse certainty effect documented in Section 4.1 on the other hand, jointly

suggest that subjects tend to prefer risky lotteries over certain prizes when reporting

low confidence levels. The PCI axiom theorizes this form of incaution in a way that

is easily understandable using the notion of EU core. In its canonical formulation,

a subject i satisfies the PCI axiom if for all lotteries p ∈4(X) and prizes x ∈ X ,

δx %i p ⇒ δx %
∗
i p.

In words, the PCI axiom precludes subject i from violating the independence axiom

in line with the certainty effect but does not impose any constraint on the reverse

certainty effect. An equivalent and insightful way to express the PCI axiom is: for

all lotteries p ∈4(X) and prizes x ∈ X ,

¬ [δx %
∗ p]⇒ p � δx.

Building on the interpretation of the EU core as the subset of uncontroversial com-

parisons that our analysis supports, the PCI axiom has the following interpretation:

when a certain prize is not confidently better than a risky lottery, the risky lottery

should be strictly preferred. Motivated by this interpretation, we test whether sub-

jects are more likely to choose the risky lottery or the certain prize in unmixed com-

parisons when reporting low confidence levels.

Figure 5 shows the likelihood of choosing risky lotteries in unmixed compar-

isons as a function of the reported level of decision confidence. As decision con-

fidence decreases, subjects are more likely to choose risky lotteries over certain

prizes. This finding is consistent with the idea hinted by the PCI axiom of indi-

viduals being incautious rather than cautious when reporting low levels of decision

confidence. Moreover, it provides a rationale for the prevalence of the reverse cer-

tainty effect documented in Section 4.1.
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Figure 5: Confidence and preference for risky lotteries in unmixed comparisons.

Notes: We partition observations into five categories of equal size based on decision con-

fidence. The green markers on the x-axis denote the thresholds for each category. The

red dots placed at the average confidence values in each category represent the fractions

of observations in which the risky lottery is preferred over the certain prize. The predicted

probabilities of choosing the risky lottery are computed using a probit model.

4.3 Certainty Does Not Always Matter

Our analysis of behavior thus far highlights the reverse certainty effect as the most

relevant violation of hypothesis EU-CORE in unmixed comparisons. In this section,

we take a step back and study whether the mere presence of a certain alternative in

a comparison is predictive of more violations of hypothesis EU-CORE. The estima-

tion results in Table 3 provide a first positive answer to this question, showing that

hypothesis EU-CORE is more likely to fail in unmixed than in mixed comparisons.

However, using the same logic adopted to compare certainty effect and reverse cer-

tainty effect violations, we now show that this result does not account for the amount

of information we have to disprove hypothesis EU-CORE for different categories
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Figure 6: Four comparisons from the Worst treatment.

of comparisons.

Let us consider the four comparisons from the Worst treatment represented in

Figure 6 and imagine that a subject declared to prefer lottery s1 over lottery r1. Dis-

proving hypothesis EU-CORE for the unmixed comparison (s1,r1) amounts to ob-

serving a preference for the riskier lottery (r2, r3 or r4) in any of the three associated

mixed comparisons. On the contrary, hypothesis EU-CORE for mixed comparisons

does not impose any constraint on the preferences expressed in the unmixed com-

parison. For instance, let us imagine that a subject preferred lottery s2 over lottery

r2 in the 0.95-mixed comparison (s2,r2). Disproving hypothesis EU-CORE for this

comparison amounts to observing a preference for the riskier lottery (r3 or r4) in any

of the remaining mixed comparisons.

Consequently, we have more data to disprove hypothesis EU-CORE for un-

mixed comparisons than we have for mixed comparisons. To see why this asym-

metry can lead to overestimating the role of certainty, let us consider an individual

that satisfies EU but with probability 0.1 makes independent mistakes in each of the
four comparisons in Figure 6 by choosing the least preferred option. In this case, the

probability that this individual satisfies hypothesis EU-CORE in the unmixed com-
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parison (s1,r1) is 0.6562, in the 0.95-mixed comparison (s2,r2) is 0.73 while in the

0.7-mixed comparison (s3,r3) is 0.82. We now describe how we account for this

asymmetry by exploiting the error model proposed by Harless and Camerer (1994).

We summarize subjects’ choices over the four comparisons in Figure 6 by strings

of chosen lotteries. For instance, choosing lottery si over lottery ri for every index

i ∈ {1,2,3,4} corresponds to the string s1s2s3s4. In the error model of Harless and

Camerer (1994), subjects have strict preferences over lotteries but can make mis-

takes choosing the least preferred lottery. In each comparison, mistakes happen

with probability ε ∈ (0,1) and are independent across choices. For instance, a sub-
ject with true preferences s1s2s3s4 with probability ε(1− ε)3 makes one error and

report r1s2s3s4, s1r2s3s4, s1s2r3s4 or s1s2s3r4. We denote by x1x2x3x4 a generic

string of chosen lotteries and define by p(x1x2x3x4) the fraction of subjects in the

experiment for which in the absence of mistakes we would observe x1x2x3x4, where

xi ∈ {si,ri} and i ∈ {1,2,3,4}. For instance, p(s1s2s3s4) is the fraction of subjects

preferring lottery si over lottery ri for every index i ∈ {1,2,3,4}.
Within this framework, consistency with hypothesis EU-CORE in all compar-

isons amounts to assuming EU:

p(s1s2s3s4)+ p(r1r2r3r4) = 1. (EU)

If, instead, we allow hypothesis EU-CORE to fail in unmixed comparisons, the

relaxed model becomes:

∑
x1∈{s1,r1}

p(x1s2s3s4)+ p(x1r2r3r4) = 1. (CC)

Therefore, no matter how “close to certainty” one of the two lotteries in a compari-

son is, model CC requires consistency with hypothesis EU-CORE. Finally, allowing

for failures of hypothesis EU-CORE in unmixed and 0.95-mixed comparisons leads
us to the following model:

∑
x2∈{s2,r2}

∑
x1∈{s1,r1}

p(x1x2s3s4)+ p(x1x2r3r4) = 1. (AC)

21



Table 5: Likelihood ratio tests.

Worst Bad WorstBest

CC-AC 7 9 0

EU-AC 10 3 1

CC-EU 0 0 0

EU-EU 0 5 16

Notes: Each treatment has 17 patterns of comparisons. This table classifies each pattern of

comparisons into four possible categories. We denote by i- j the category of all patterns in
which model i ∈ {EU,CC} prevails in a likelihood ratio test between model EU and model

CC, while model j ∈ {EU,AC} in a likelihood ratio test between model EU and model AC.

In other words, model AC requires consistency with hypothesis EU-CORE only for

comparisons in which both lotteries are “away from certainty”.

In each of the three model specifications, the fractions of true preferences and

the error term can be estimated using maximum likelihood estimation.21 The unit

of observation in this analysis is the pattern of choices in an unmixed comparison

and the three associatedmixed comparisons. Figure 6 shows an example of unmixed

and associated mixed comparisons from theWorst treatment. Each treatment has 17

unmixed comparisons with their own associated three mixed comparisons. There-

fore, we estimate our three models in each treatment 17 times, one for each of the

unmixed and associated mixed comparisons.

To evaluate the relevance of certainty for violations of hypothesis EU-CORE,

we perform two likelihood ratio tests. The first test compares model EU with model

CC, while the second test model EU with model AC. Table 5 summarizes the results

of these likelihood ratio tests. In the Worst treatment, model EU is always rejected

against either model CC or model AC. In the Bad treatment, accommodating for

failures of hypothesis EU-CORE in unmixed comparisons also allows explaining

our data significantly better, with the exception of five patterns of comparisons.

However, the results in the WorstBest treatment completely overturn this conclu-

sion. In this latter treatment, for 16 out of 17 patterns of comparisons, model EU is

never rejected. In other words, allowing for violations of hypothesis EU-CORE in

unmixed or 0.95-mixed comparisons does not help to explain our data better.

21We refer to Harless and Camerer (1994) for a detailed description of the likelihood function.
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5 Discussion

This study sheds new light on what drives violations of the independence axiom.

We conduct an experimental investigation involving choices between risky lotter-

ies. Our main finding is that subjects are more likely to be consistent with the inde-

pendence axiom when they report high decision confidence levels. In this way, we

provide empirical support for the psychological interpretation of the EU core as the

subset of the uncontroversial rankings. We believe that exploiting the notion of EU

core in experimental works, as we do in our paper, represents a promising direction

to expand our understanding of decision-making under risk.

Moreover, we analyze decision-making under low decision confidence. Con-

trary to the certainty effect rationale for independence violations, subjects are more

likely to choose a risky lottery over a certain prize and violate the independence

axiom when not confident. Given the extensive evidence on the certainty effect

and the impact that this evidence had and still has on new theoretical models, more

research is plainly needed to test the robustness of our conclusion. An important

insight of our work is that the certainty effect may be less relevant in environments

where subjects face a greater variety of lotteries than in the Allais paradox.

Our data also questions the relevance of certainty itself. In the WorstBest treat-

ment, where we construct mixed comparisons alternating the third common lot-

tery, we detect more independence violations. Remarkably, we also find that in this

treatment, the presence of certain alternatives does not increase independence vio-

lations. To our knowledge, this is the first study that alternates the third common

lotteries to build mixed comparisons. Given the different conclusions we obtain in

the WorstBest treatment, we believe that exploring new ways to construct mixed

comparisons constitutes a promising line of research for studying the independence

axiom.
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Appendices

A FOSD Questions

Table 6: Comparisons with dominated lotteries.

Lottery A Lottery B

Questions Pr($1) Pr($7) Pr($20) Pr($1) Pr($7) Pr($20)

1 0.3 0.7 0 0.7 0.3 0

2 0.5 0.2 0.3 0.5 0.1 0.4

3 0 0.8 0.2 0 0.6 0.4

4 0.5 0.4 0.1 0.9 0 0.1

5 0.2 0.6 0.2 0.1 0.5 0.4

6 0.5 0.5 0 0.8 0.2 0

Notes: Table 6 describes the six comparisons in which one lottery first-order stochastically

dominates the other included in all treatments of the experiment.
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B Demographic Summary

Table 7: Demographics, overall sample.

Age

18-24 54.3%
25-30 45.7%

Gender

Male 50%
Female 50%
Prefer not to say 0%

Education completed

High school diploma 50.3%
Undergraduate degree (BA/BSc/other) 40%
Master degree (MA/MSc/MPhil/other) 7%
Doctorate degree (PhD/other) 1.7%
Prefer not to say 1%

Employment

Not in paid work 5%
Unemployed (and job seeking) 22.3%
New job within the next month 0.7%
Part-time 11.3%
Full-time 22.3%
Other 9%
Prefer not to say 29.3%

Respondents 300

Notes: Information provided by the online platform Prolific.co.
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C Confidence and Indecisiveness

Cerreia-Vioglio et al. (2015) classify one individual as more indecisive than another

if his EU core is smaller, in the sense of set inclusion.

Definition 1. Individual i is more indecisive than individual j if for all lotteries p,q:

p %∗
i q ⇒ p %∗

j q.

We show that the term “indecisive” presumes a relationship between confidence

and independence that we observe in the data: subjects that we classify as more

indecisive tend to report lower confidence levels. To this end, Section C.1 details

our approach to operationalize the notion of indecisiveness. Section C.2 builds a

measure of decision confidence comparable across subjects, while Section C.3 uses

this new measure to rank subjects in terms of decision confidence. Finally, Section

C.3 shows that more indecisive subjects tend to be less confident.

C.1 Pairwise Analysis: Indecisiveness

We denote by t a generic treatment in the experiment and by Ct the set of com-

parisons in treatment t. For any comparison (s,r), we define the index Corei for

each individual i to be equal to two if there is no evidence against s %∗
i r, one if

there is no evidence against r %∗
i s, and zero otherwise. Using this index, we pro-

pose two different criteria to operationalize the notion of indecisiveness proposed

by Cerreia-Vioglio et al. (2015) in the context of our experiment:

1. Criterion IND 1: subject i is more indecisive than subject j if for all compar-

isons (s,r) ∈Ct ,

Corei(s,r)> 0 ⇒Corei(s,r) =Core j(s,r)

and there exists a comparison (s̄, r̄) ∈Ct such that Corei(s̄, r̄) 6=Core j(s̄, r̄).

2. Criterion IND 2: subject i is more indecisive than subject j if

|{(s,r) ∈Ct : Corei(s,r)> 0}|< |{(s,r) ∈Ct : Core j(s,r)> 0}|.
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Criterion IND 1 amounts to classifying a subject as more indecisive than another

only if there is no evidence against it. Because it is very demanding, we show that

it does not allow the classification of most pairs of subjects in each treatment. On

the contrary, to classify one subject as more indecisive than another according to

criterion IND 2, it is enough to compare the number of comparisons with indexCore

greater than zero. The advantage of criterion IND 2 is that being less demanding, it

allows the classification of the vast majority of pairs of subjects. The disadvantage is

that it moves away from the original notion of indecisiveness captured in Definition

1. In Section C.4, we show that the qualitative results linking indecisiveness with

decision confidence are stable across the two criteria.

C.2 Benchmarked Confidence Self-Reports

An important challenge in interpreting the self-reported confidence measures that

we collect is that they are subjective and may have different meanings for different

subjects. We now describe the approach that we adopt to convert the confidence

reports of different subjects into the same unit of measure. To this end, we exploit

subjects’ confidence statements in comparisons involving stochastic dominance.

Let FOSD be the set of the six comparisons in which one lottery first-order

stochastically dominates the other described in Appendix A. Figure 7 shows the

distributions of confidence self-reports for different categories of comparisons.22 A

few things emerge from this figure. First, as expected, subjects tend to report higher

confidence levels in FOSD (leftmost box plot in Figure 7) than in any other category

of comparisons. However, while the median value of the confidence self-reports for

FOSD comparisons is close to 100, the interquartile range is equal to 25. In other
words, there is significant heterogeneity in how subjects express high confidence

using numbers. In what follows, we exploit this heterogeneity to benchmark the

confidence self-reports in all other categories of comparisons.

We denote by Con fi(s,r) the confidence self-report of subject i in comparison

(s,r) divided by 100. Moreover, we indicate by c̄i the average confidence self-report

in FOSD comparisons for which subject i declares to prefer the dominant lottery.

22The red plus signs denote outliers. We classify any observation that is more than 1.5 times the

interquartile range away from the first quantile or the third quantile as an outlier.
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Figure 7: Distribution of confidence self-reports for different categories of compar-

isons and all subjects in the experiment.

Notes: We classify as outlier any observation that is more than 1.5 times the interquartile

range away from the first quantile or the third quantile. The red markers denote outliers.

For all comparisons (s,r) not in FOSD and all subjects i, we construct the following

benchmarked index of confidence:

Ad jCon fi(s,r) = min
{

Con fi(s,r)
c̄i

,1
}
.

Intuitively, c̄i is an estimate of what number individual i reports to express extreme

confidence. In the extreme case in which Con fi(s,r) is greater or equal to c̄i, we

simply assign to the benchmarked index Ad jCon fi(s,r) the value of one.23

The underlying assumption behind this benchmarked confidence index is that

subjects who use lower numbers to express extreme confidence in FOSD compar-

isons use lower numbers to express any confidence level. We now test the validity

of this assumption. Figure 8 shows the mean confidence levels in unmixed and

23This happens overall for the 24.72% of the self-reported confidence measures.
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Figure 8: Mean confidence in FOSD comparisons and in all other comparisons for

each subject normalized to one.

mixed comparisons (x-axis) and in FOSD comparisons (y-axis) for each subject.24

The orange line in Figure 8 represents the best linear fit (in a least-squares sense).

The positive correlation that we observe between these two quantities justifies our

benchmarked index: subjects expressing extreme confidence in FOSD comparisons

with lower numbers express any confidence with lower numbers.25 Figure 8 also

allows us to evaluate the reliability of the confidence measures that we collect: for

the 83.96% of subjects, the mean confidence in FOSD comparisons is higher than

in all other comparisons.

24For FOSD comparisons, we exclude confidence self-reports in pairs of lotteries where the dom-

inated lottery was preferred. Given our restriction on the sample, this can happen at most once for

each subject.
25Correlation coefficient: 0.303.
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C.3 Pairwise Analysis: Confidence

In analogy with the pairwise analysis of indecisiveness in Section C.1, we propose

two different criteria to rank pairs of subjects in terms of decision confidence using

the benchmarked index Ad jCon fi:

1. Criterion CONF 1: subject i is less confident than subject j if for all compar-

isons (s,r) ∈Ct ,

Ad jCon fi(s,r)≤ Ad jCon f j(s,r),

with strict inequality for some comparison (s̄, r̄) ∈Ct .

2. Criterion CONF 2: subject i is less confident than subject j if for all x ∈ [0,1],

|{(s,r) ∈Ct : Ad jCon fi(s,r)≤ x}| ≤ |{(s,r) ∈Ct : Ad jCon f j(s,r)≤ x}|,

with strict inequality for at least one x̄ ∈ (0,1).

Using criterion CONF 1, we classify subject i as less confident than subject j if the

benchmarked confidence self-report of i is lower than the benchmarked confidence

self-report of j in all comparisons. As with criterion IND 1 for indecisiveness, crite-

rion CONF 1 is very demanding and does not allow the classification of most pairs

of subjects. For this reason, we also consider criterion CONF 2, which generalizes

the requirement of criterion IND 2 to the continuous index Ad jCon f . According to

criterion CONF 2, subject i is less confident than subject j whenever the empirical

cumulative distribution function of Ad jCon f j first-order stochastically dominates

the empirical cumulative distribution function of Ad jCon fi.

C.4 Results

We now explore the relationship between EU core and decision confidence by using

the notion of indecisiveness introduced by Cerreia-Vioglio et al. (2015). In Section

C.1 and Section C.3 we propose two criteria to rank subjects in terms of indecisive-

ness (IND 1 and IND 2) and confidence (CONF 1 and CONF 2). Considering all

four possible combinations of these approaches, Table 8 reports the percentage of
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Table 8: Confidence and indecisiveness.
Worst

IND 1 IND 2

CONF 1
75.00%
(4)

66.67%
(243)

CONF 2
68.85%
(61)

59.44%
(2,125)

Bad

IND 1 IND 2

CONF 1
65.22%
(23)

65.27%
(334)

CONF 2
86.49%
(111)

60.76%
(1,909)

WorstBest

IND 1 IND 2

CONF 1
54.00%
(100)

67.30%
(523)

CONF 2
64.22%
(218)

56.66%
(2,344)

Notes: Percentage of pairs of subjects in which the more indecisive subject is less confident.

Number of classifiable pairs in parenthesis.

pairs of subjects, among those that can be classified according to both criteria, for

which the more indecisive subject is less confident. The number in parenthesis be-

low each percentage in Table 8 represents the total number of classifiable pairs. For

instance, in the Worst treatment, 243 pairs of subjects can be classified according

to criterion CONF 1 and criterion IND 2. In the 66.67% of these pairs, the more

indecisive subject is less confident.

Overall, for all the possible combinations of criteria in all three treatments, the

more indecisive subject is less confident in more than half of the classifiable pairs.

We see this result as an empirical justification of the term “indecisive” used in

Cerreia-Vioglio et al. (2015) to rank subjects’ EU cores.
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Table 9: Indecisiveness and risk aversion.

Worst

IND 1 IND 2

RA 1
13.64%
(110)

48.85%
(4,274)

RA 2
12.61%
(111)

47.79%
(4,340)

Bad

IND 1 IND 2

RA 1
10.71%
(168)

27.33%
(3,154)

RA 2
10.71%
(168)

28.38%
(3,213)

WorstBest

IND 1 IND 2

RA 1
10.11%
(356)

31.03%
(3,938)

RA 2
12.40%
(363)

33.44%
(4,007)

Notes: Percentage of pairs of subjects in which the more indecisive subject is more risk

averse. Number of classifiable pairs in parenthesis.

D Indecisiveness and Risk Aversion

Our analysis shows that the independence axiom is less likely to fail when the safer

lottery in a comparison is chosen. Given that the extent to which subjects prefer safer

over riskier lotteries positively correlates with their degree of risk aversion, these

estimates suggest a negative relationship between indecisiveness and risk aversion.

At the same time, Cerreia-Vioglio et al. (2015) show that the opposite relationship

holds for preferences that satisfy the NCI axiom. If a subject is more indecisive

than another, he must be more risk averse. We now propose a direct test for this

prediction.

We adopt two criteria to rank subjects’ risk attitudes. The first criterion (RA 1)

consists in classifying one subject as more risk averse than another if he chooses the

safer over the riskier lottery more often in the experiment. In the second criterion

(RA 2), we instead normalize the utility of $1 to zero, the utility of $20 to one, and

following Hey and Orme (1994), we estimate the utility of $7 and of the variance

of the error term which we assume to be normally distributed with zero mean. The

higher the estimated utility, the more risk averse a subject is.

Table 9 reports the percentage of pairs of subjects, among those that can be

classified according to both indecisiveness and risk aversion, for which the more

indecisive subject is more risk averse. Below each percentage in Table 9 is reported

the total number of classifiable pairs. For all the possible combinations of criteria

in all treatments, more indecisive subjects are less risk averse. In what follows, we

prove that preferences satisfying the PCI axiommay explain the correlation between
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indecisiveness and risk aversion that we observe in Table 9.

Definition 2. Let% be a binary relation over the set of lotteries4(X). We say that

% satisfies:26

• Completeness if for each p,q ∈4(X), either p % q or q % p.

• Transitivity if for each p,q,r ∈4(X), p % q and q % r imply p % r.

• Continuity if for each p∈4(X), the sets {q∈4(X) : q% p} and {q∈4(X) :
p % q} are closed.

• Strict first-order stochastic dominance if for each p ∈4(X), if p first-order

stochastically dominates q, then p � q.

• Betweenness if for each p,q ∈4(X) and λ ∈ [0,1],

p ∼ q ⇒ p ∼ λ p+(1−λ )q ∼ q.

We refer to binary relations that satisfy the five axioms in Definition 2 as be-

tweenness preferences. Next, we introduce the PCI axiom.

Definition 3. % satisfies the PCI axiom if for each p,q∈4(X), x∈X and λ ∈ [0,1],

δx % p ⇒ λδx +(1−λ )q % λ p+(1−λ )q.

Let %1 and %2 be the preferences over 4(X) for individuals 1 and 2. We use

the following standard approach to compare risk attitudes.

Definition 4. Individual 1 is more risk averse than individual 2 if for each p∈4(X)

and x ∈ X ,

p %1 δx ⇒ p %2 δx.

We are now ready to show that betweenness preferences satisfying the PCI ax-

iom rationalize what we observe in our experiment: more indecisive subjects tend

26We denote by ∼ and � the symmetric and the asymmetric parts of %. The set X represents any

compact set of monetary prizes.
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to be less risk averse. The result follows combining the representation result in

Cerreia-Vioglio et al. (2020, Remark 1) with the proof technique used in Cerreia-

Vioglio et al. (2015, Proposition 2).

Corollary 1. Suppose that %1 and %2 are betweenness preferences that satisfy the

PCI axiom. If individual 1 is more indecisive than individual 2, then individual 1 is

less risk averse than individual 2.

Proof. We denote by E [p,v] and c(p,v) the EU and the certainty equivalent of lot-

tery pwith utility function v, respectively. By Cerreia-Vioglio et al. (2020), for each

individual i ∈ {1,2}, there exists a set of utility functions Wi such that

p %∗
i q ⇔ E [p,v]≥ E [q,v] for all v ∈ Wi,

and the functional ui : 4(X)→ R defined by

ui(p) = sup
v∈Wi

c(p,v) for all p ∈4(X),

is a continuous utility representation of %i. Given that individual 1 is more indeci-

sive than individual 2,

p %∗
1 q ⇒ p %∗

2 q ⇒ p %2 q.

By Cerreia-Vioglio (2009, Proposition 22), W2 ⊆ W1. Therefore, for any risky lot-

tery p,

u1(p) = sup
v∈W1

c(p,v)≥ sup
v∈W2

c(p,v) = u2(p).

Consequently, individual 1 is less risk averse than individual 2.
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Figure 9: Distribution of response times for all subjects in the experiment.

Notes: We classify as outlier any observation that is more than 1.5 times the interquartile

range away from the first quantile or the third quantile. Overall, there are 1,322 outliers.

Given that many outliers correspond to particularly high numbers, representing subjects that

most likely took a break during the experiment, we do not report them in Figure 9 for clarity.

Figure 9 shows the distribution of these response times for different categories

of comparisons. Contrary to the confidence self-reports, response times tend to be

lower in unmixed than in 0.95-mixed and 0.7-mixed comparisons. Indeed, we ob-

serve a negative correlation between confidence self-reports and response times for

these three categories of comparisons.27 At the same time, analogously to confi-

dence self-reports, response times tend to be higher in FOSD comparison than in

any other category of comparisons. We suspect that the high response times ob-

served in FOSD comparisons may result from a “too good to be true” effect. Sub-

jects may lose time in double-checking their understanding of questions in FOSD

comparisons, given the lack of trade-offs between the two lotteries.

27Correlation coefficient: −0.206. P-value less than 0.001.
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F Instructions

General Instructions. The study consists of questions about lottery tickets that pay

$1, $7 or $20 with some fixed probabilities. Let us highlight from the start that there

are no right or wrong answers. We are only interested in studying your preferences.

Here is an example of a pair of lottery tickets:

• Lottery ticket A involves no chance at all: it pays $7 for sure.

• Lottery ticket B pays $20 with probability 60%, or $1 with probability 40%.

During the experiment, you will encounter 74 pairs of lottery tickets. For each pair,

you will answer to two questions.

Notice that after you select an answer to a question and click on Next, you will

not be able to modify it.

We will now show you these two questions.
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Training session. To familiarize yourself with the setup of the experiment, you

will complete a brief training session. The training session consists of five pairs of

lottery tickets. For each pair of lottery tickets, you will answer the two questions

that we described to you. The answers that you give in this training session do not

affect your monetary compensation. We will describe the details of your monetary

compensation at the end of your training session.

Possible rewards. Now that you have familiarized yourself with the questions of

the study, you will learn about the details of your compensation. You will receive

a participation fee of $4.75 for completing all the questions in the experiment.

Moreover, you may also receive a bonus payment:

• At the end of the experiment, the computer will randomly select a number

between 1 and 10. Each number has an equal probability (10%) of being

selected.
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• If the randomly selected number is 1, you will receive a bonus payment.

• If you are chosen to receive a bonus payment, the computer will randomly

pick one of the 74 pairs of lotteries that you encountered in the experiment.

• Then, you will be able to play the lottery ticket from the selected pair that

you declared to prefer in Question 1 (which lottery ticket do you prefer?).

That is, the computer will use the probabilities specified in the lottery ticket

to select a monetary prize ($1, $7 or $20).

• Your bonus payment will be the monetary prize that the computer will

select. You will receive your bonus payment together with the participation

fee after we review your submission.

Example: Suppose that you are randomly selected for a bonus payment and the

randomly picked pair of lottery tickets is:

• If you chose Lottery ticket A in Question 1, you get additional $7 for sure.

• If you chose Lottery ticket B in Question 1, you have a 60% chance of getting

additional $20 and a 40% chance of getting additional $1.

Begin the experiment. Congratulations, you are now ready to participate in

the experiment. If anything is unclear, please let us know through the Prolific

anonymized internal messaging service. Otherwise, please click next to begin the

experiment.
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