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1 Introduction

At the latest since the seminal Ellsberg (1961) thought experiment, the literature on decision-

making under uncertainty distinguishes two different types of uncertainty: risk and ambiguity.

While risk denotes a situation with uncertain outcomes with a probability distribution over these

outcomes, ambiguity refers to a situation with uncertain outcomes in the absence of such a

probability distribution.1 Furthermore, the typical finding of empirical studies is that people

tend to prefer risky situations over ambiguous situations. This preference pattern is usually

referred to as ambiguity aversion.

In the past decades, ambiguity preferences have been established as a category of fundamental

economic human preferences on its own. Most of all, ambiguity aversion has been shown meaning-

ful in many different contexts, as it can explain a variety of phenomena and puzzles that cannot

be attributed by risk aversion alone.2

Although in many empirical studies the majority of subjects is ambiguity averse, confirming

the original Ellsberg (1961) thought experiment, experimental evidence shows that individual

attitudes toward ambiguity are not uniform. Evidence of ambiguity seeking behaviour has been

found for small probabilities of gains and large probabilities of losses (Einhorn and Hogarth, 1985),

and in the domain of losses in general, suggesting a reflection effect over ambiguous prospects

(Chakravarty and Roy, 2009).

The abundance of real life situations with undefined probabilities highlights the importance of

accurate measures of ambiguity preferences. Following Ellsberg’s seminal work, various methods

to elicit ambiguity attitudes have been proposed. The experimental economics literature advo-

cates the use of incentivized elicitation tasks. In the earlier economic literature and in psychology,

the use of non-incentivized elicitation tasks, such as thought-experiments and survey questions,

is more common. The literature also suggests a diversity of designs to measure ambiguity prefer-

ences. These include pair-wise choices (or multiple choice lists) between a risky and an ambiguous

lottery, choice lists between an ambiguous lottery and a sure amount of money, as well as monetary

valuation tasks of risky and ambiguous lotteries.

Despite this variety, the robustness of ambiguity attitudes elicited across methods and tasks

is rarely evaluated. Some attempts in this direction have shown a significant heterogeneity of

responses across tasks, which question the consistency of ambiguity attitudes. Stahl (2013) shows

that slight changes in the elicitation task design (e.g. the amount of the prize for the ambiguous

option) changes substantially the distribution of ambiguity aversion in the sample. Using different

models, he estimates that a mere 12% of people show evidence of ambiguity aversion. Similarly,

Binmore et al. (2012) report mild degrees of ambiguity aversion across a battery of ambiguity

models and weak evidence for consistent ambiguity aversion. This literature has focused on the

classical 2 and 3 color-Ellsberg urns tasks. Trautmann et al. (2011) bring evidence that choice

1Following Knight (1921), ambiguity is sometimes also called Knightian uncertainty.
2Ambiguity aversion has shaped both the empirical and theoretical literature. Ambiguity aversion has been

successfully used to explain the equity premium puzzle (Gilboa and Schmeidler, 1989; Epstein and Schneider,
2008) the small-firm effect (Chen and Epstein, 2002; Mukerji and Tallon, 2001; Olsen and Troughton, 2000),
climate change (Weitzman, 2009; Millner et al., 2013), adolescent behaviors (Sutter et al., 2013), and employment
outcomes among the poor (Spears, 2013). Ambiguity attitudes have shown to persist in experimental market
settings (Sarin and Weber, 1993) as well outside the lab, among business owners (Chesson and Viscusi, 2003),
children (Sutter et al., 2013), and Ethiopian farmers (Akay et al., 2012).
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tasks elicit lower ambiguity aversion than valuation tasks. In sum, the type of elicitation tasks

used has an important influence in measuring ambiguity attitudes.

However, the consistency of ambiguity judgements is of central importance for an informative

measurement of individual preferences. This is the first study that systematically analyses the

consistency of individual responses across elicitation tasks and different incentive methods. Our

analysis uses information on ambiguity attitudes elicited using typical experimental tasks incen-

tivized with monetary amounts, not-incentivized tasks and survey questions. Unlike previous

studies, which are mainly concerned with consistency across the classical Ellsberg urns tasks,

we examine a variety of tasks. Evaluating different designs is important because if the different

elicitation tasks lead to a shift in the distribution of ambiguity attitudes, the degree of ambiguity

aversion elicited from different methods are not informative, but the ranking of individuals ac-

cording to their ambiguity attitudes is, a point Trautmann (2013) stress in their review. On the

contrary, if elicitation tasks affect the ranking of individuals, then one may ask whether ambiguity

attitudes are at all elicitable with the currently used designs. Using different designs allows us to

compare our results to the literature and, since different tasks may be more appropriate in certain

contexts than others, to offer a comparative guidance to researchers selecting suitable tasks.

To shed light on the consistency of measured ambiguity preferences, we first examine the distri-

butions of revealed ambiguity attitudes across tasks. This is a measure of aggregate consistency

across methods and tasks. Secondly, we look at the share of within-subject consistent choices

with respect to their ambiguity attitudes in different tasks ad briefly comment on the consistency

of these measures over time. This is a measure of individual consistency (and individual consis-

tency over time). We then investigate how different tasks rank individual ambiguity attitudes by

analyzing the correlation among various ambiguity measures. We conclude by exploring which set

of non-incentivized tasks best predict ambiguity attitudes elicited in the experiments incentivized

with monetary rewards. This validation exercise indicates candidate measures of ambiguity atti-

tudes which are behaviorally valid and can act as a viable alternative when running experiments

is unfeasible.

Our preliminary results show a high degree of aggregate consistency across tasks. The aggregate

classifications of our subjects closely mimic results from previous literature using similar tasks,

providing an indirect indicator of aggregate consistency. However, individual consistency is more

volatile: while we find that subjects are in general more consistent than one would expect under

random choice, subjects are not fully consistent in their responses across tasks. Interestingly,

tasks inspired by the original Ellsberg though-experiment elicit more consistent responses than

designs framed otherwise. This is intuitively appealing as it is expected that tasks with similar

underlying designs would elicits comparable responses. Our results confirm this intuition and

show that this is the case across different incentive methods. However, some of the most popular

thought-experiments in the literature on ambiguity have no relation to the behavior observed in

the incentivized experiments. Finally, our analysis identifies two simple thought-experiments and

two survey questions that perform best in predicting behavior in the incentivized experiments:

their combination can explain almost 25% of the variation in individual ambiguity preferences

elicited experimentally.

The paper develops as follows. The next section describes the experimental design and the various

elicitation methods to measure ambiguity preferences. In section 3 we present the main results
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of this study. After a brief summary statistics, we examine the aggregate consistency of the mea-

sured ambiguity preferences across elicitation methods. Then we analyze whether the measured

ambiguity preferences are consistent on the individual level. Next, we analyze the stability of mea-

sured ambiguity preferences over time. The last subsection examines whether non-incentivized

experiments and survey questions can predict an individual’s ambiguity preferences obtained in

a standard experimental setup. Section 4 offers some concluding remarks and implications.

2 Experimental design

This study uses incentivized tasks, non-incentivized thought experiments and a survey question-

naire to measure ambiguity preferences. The incentivized tasks and non-incentivized thought

experiments are taken from well-known studies on ambiguity preferences in the experimental eco-

nomics literature. The survey questionnaire is based on various seminal studies on ambiguity

tolerance in the psychology literature.

2.1 Incentivized tasks

Subjects participated in three incentivized tasks, two ambiguity tasks and one risk task. The

two tasks to elicit ambiguity preferences are based on the works by Lauriola and Levin (2001),

Chakravarty and Roy (2009) and Butler et al. (2013). Since ambiguity preferences are closely

related to risk preferences (Chakravarty and Roy, 2009), we also include an task to elicit risk

preferences, similarly taken from Chakravarty and Roy (2009). A detailed description of the

tasks can be found in appendix A.

All three tasks use binary choice lists to measure ambiguity or risk preferences. Similar to the

multiple price lists used in Holt and Laury (2002), subjects are asked to state their strict preference

between two different lotteries. The ambiguity tasks involve choosing between an ambiguous

lottery and a risky lottery, while the risk task involves choices between two different risky lotteries.

The lotteries are presented in the form of two-color urns, similar to Ellsberg (1961).3

The first task (ambiguity task 1) is taken from Chakravarty and Roy (2009). Subjects are pre-

sented a decision table with 10 choices between drawing a ball from either a risky or an ambiguous

urn. The composition and payoff structure of the ambiguous urn is identical in all 10 situations.

In contrast, the potential payoffs of the risky urn decreases monotonically from one situation to

the next, which consequently lowers its expected payoff. Subjects are therefore expected to switch

at some point from drawing a ball from the risky urn to drawing a ball from the ambiguous urn.

An ambiguity-neutral decision maker is indifferent between both lotteries in situation number 5.

Ambiguity seeking individuals would rationally switch before situation 5, while ambiguity averse

decision markers would switch after situation 6.

In the second task (ambiguity task 2), subjects are presented another decision table with 11 choices

between a risky or an ambiguous urn. The composition and payoff structure of the ambiguous urn

is again identical in all 11 situations. In contrast, the expected payoff of the risky urn increases

monotonically. Different from task 1, this change is induced by increasing the probability of

winning some prize, while leaving the potential earnings constant. Subjects are therefore expected

3All tasks are over gains, i.e., there is no possibility to lose money.
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to switch at some point from the ambiguous urn to the risky urn. An ambiguity-neutral decision

maker is indifferent between both lotteries in situation number 5. Ambiguity seeking individuals

would rationally switch after situation 6, while ambiguity averse decision markers would switch

before situation 5.

In the risk task, also taken from Chakravarty and Roy (2009), subjects are presented a decision

table with 10 choices between drawing a ball from two different risky urns. One urn, which

involves only a small risk, is identical in all situations. The other urn is more risky, while its

expected payoff increases monotonically. Subjects are therefore expected to switch at some point

from the low-risk urn to the more risky urn. A risk-neutral decision maker is indifferent between

both lotteries in situation number 6. Risk seekers would rationally switch before situation 6, while

risk averse decision markers would switch after situation 7.

2.2 Non-incentivized thought experiments

Besides the incentivized experimental preferences measures, we also use several non-incentivized

thought experiments to elicit ambiguity preferences. Similar to the experiments, we use some of

the most common thought experiments of the literature.

First, we replicate the seminal two-color Ellsberg (1961) urn experiment. Similar to Butler et al.

(2013), subjects are offered five different answer possibilities to allow differentiating between

different degrees of ambiguity preferences. The second thought experiment places the Ellsberg

(1961) experiment in a more realistic setting of horse betting. The design is inspired by the field

experiment of Viscusi and Chesson (1999) who elicit ambiguity preferences of business owners.

In the third hypothetical experiment, we ask subjects to price hypothetical complementary bets

contingent on future temperatures in a familiar city (London) and an unfamiliar city with a

similar climate (Vancouver), similar to Fox and Tversky (1995). Since subjects live in London,

ambiguity aversion should imply a higher willingness to pay for London temperature bets than

for Vancouver temperature bets.4 Finally, we use a new dynamic version of the Ellsberg (1961)

thought experiment where subjects are presented four (in some cases five) sequential decisions

between a risky and an ambiguous lottery. While the ambiguous urn is identical in all situations,

the composition of the in the risky urn changes from one situation to the next (and hence the

probability to draw a ball of the winning color) depending on the subject’s previous choices.

This elicitation method was first used in psychology (Cornsweet, 1962), and is sometimes called

staircase method. See appendix B for a detailed description of the four thought experiments.

2.3 Survey questionnaire

In addition to experimental measures of ambiguity preferences and thought experiments, this

study uses survey questions to measure ambiguity preferences. While the using survey question-

naires to measure risk preferences (Guiso and Paiella, 2008; Dohmen et al., 2011) is common in

the literature, there is yet no study in economics that explicitly uses questionnaires to measure

ambiguity preferences.

4The temperature of a given city on some day in the future is commonly used in ambiguity experiments, see
also Abdellaoui et al. (2011).
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The survey or self-assessment questions to elicit ambiguity preferences are taken from self-reporting

scales in the psychology literature which has investigated individuals’ ambiguity tolerance since

the 1960s. In these studies, subjects are asked to indicate the extent to which they agree or

disagree with a list of statements on a scale from 1 to 7.

The survey questionnaire of this study is based on the Intolerance of Ambiguity Scale by Kirton

(1981), which uses elements of the earlier seminal works by Budner (1962), Rydell and Rosen

(1966) and Mac Donald Jr. (1970). In addition, we include selected items from the ambiguity

tolerance scales by Budner (1962), Norton (1975) and McLain (2009) that fit well with our working

definition of ambiguity. Since ambiguity attitudes might be related to optimism and pessimism

(Chateauneuf et al., 2007), we include some optimism/pessimism items from the Extended Life

Orientation test by Chang et al. (1997). Furthermore, given that ambiguity shares cognitive

similarities with uncertainty, we also added several items of the Uncertainty Response Scale by

Greco and Roger (2001). Since ambiguity attitudes might also be influenced by self-esteem (Heath

and Tversky, 1991), we add the single self-esteem measure by Robins et al. (2001). Together with

some own additions, the survey questionnaire contains 46 items in total. For the complete list see

appendix C.

2.4 Procedure

Each session consisted of four parts. The first part included the survey questionnaire on ambiguity

preferences, as described in section 2.3. The thought experiments (see section 2.2) followed in

part 2. The third part included a standard demographic questionnaire. Finally, the last section

consisted of the three tasks, see section 2.1. The first task was the risk task, followed by ambiguity

tasks 1 and 2.

This particular sequence was chosen to reduce any potential spillover effects between the various

methods to elicit ambiguity preferences. More specifically, we expected students to think more

carefully about their choices in the incentivized tasks rather than in the thought experiments or

the questionnaire. To avoid subjects to simply repeat their stated preferences of the incentivized

tasks in the non-incentivized thought experiments and the questionnaire, we placed the actual

tasks at the end of each session. In two sessions of a pilot study that was carried out before the

actual experiment, we reversed the sequence of the various parts to test for order effects. The

results were not significantly different from the main treatment.

Before the start of the two ambiguity tasks, participants had to select the color of the winning

ball, i.e., either black or white. This ensures that subjects had no reason to believe that the

experimenter had any strategic incentive to manipulate the color of the balls in the ambiguous

urn.5 In the incentivized tasks, subjects were told that at the end of the session, the computer

would randomly select one out of the situations of each task and then randomly draw one ball

from the urn chosen. This procedure ensures that subjects state their true preferences.

The computer-based sessions were conducted in May and October 2013 at Birkbeck College,

University of London. We used z-tree (Fischbacher, 2007) as experimental software. Each session

5If the color of the winning ball is set by the experimenter, this may lead to some mistrust of the subjects as
the experimenter may want to economize on the budget. Consequently, subjects have a pessimistic belief about
the fraction of winning balls in the ambiguous urn, which induces a preference of the risky urn over the ambiguous
urn even in the absence of ambiguity aversion (Charness et al., 2013; Chow and Sarin, 2002).
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lasted about 40 minutes. Earnings from the incentivized tasks were calculated in terms of points,

and then converted at a rate of 2:1 into GBP. On average, subjects earned GBP 18.45, which

includes a fixed show-up fee of GBP 10. The lowest payment was GBP 10, the highest payment

GBP 26.

2.5 Participants

121 subjects participated in our study, all of them students of various University of London

colleges. The participants were recruited via electronic mail and announcements at the beginning

of graduate and undergraduate lectures of various study programmes. This sample contains 54

(45%) male and 67 (55%) female participants, with an average age of about 26 years. Since the

answers of 19 participants are inconsistent with expected utility we had to discard their responses

in some of the analyses, leaving us with 102 subjects. For a detailed sample description see

appendix D.

3 Results

This section presents the main findings. First, section 3.1 summarizes the results of the incen-

tivized tasks and the non-incentivized thought experiments. Section 3.2 the analyzes the overall

pattern of ambiguity preferences obtained from the different elicitation methods, and compares

the results of previous studies. In section 3.3, we examine whether the various elicitation meth-

ods lead to similar preference measures on the individual level. Using a small extension of the

experimental design, section 3.4 explores whether the measured ambiguity preferences are con-

sistent over time. Finally, section 3.5 addresses the question whether non-incentivized thought

experiments and survey questions can be used to proxy for experimentally measured ambiguity

preferences.

3.1 Descriptive statistics

Tables 2 and 3 summarize the subjects’ choices between drawing a ball from the risky or the

ambiguous urns. In both incentivized tasks, subjects preferred in around 56% of the situations

drawing a ball from the risky urn over drawing a ball from the ambiguous urn. Yet, the two tasks

differ significantly in the standard deviation of the fraction of risky choices out of all situations.

This divergence can be explained by the different design of the two tasks. Most of all, the

increments in expected earnings of the risky lottery in task 1 are, on average, smaller compared

to task 2. Therefore task 1 allows for a finer assessment of ambiguity preferences compared to

task 2, which results in a larger dispersion of the subjects’ choices.6

In both tasks, a typical strategy is a threshold strategy. Since the relative attractiveness of the

risky lottery changes monotonically from situation to situation, many participants prefer one urn

over the other up to a switching point, from which they prefer the other urn. In task 1, the

6In task 1, expected earnings of the risky urn change by 0.5 points from one situation to the next (the last
two situations aside), while the expected earnings of the risky urn in task 2 change by 1 point from situation to
situation, see appendix A.
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natural choice is to first prefer drawing a ball from the risky urn (urn X) with expected earnings

of 7 points, and then to switch to the ambiguous urn (urn Y) at some later stage as the expected

earnings of the risky urn decrease. In task 2, the opposite holds true: in situation 0, there is

no chance of winning anything in the risky urn (urn 1), such that the ambiguous urn (urn 2) is

the preferred choice. However, as the number of winning balls in urn 1 increases, the risky urn

becomes more attractive.

Similar to the fraction of risky choices, the standard deviation of switching points is much larger

for task 1 compared to task 2. Yet, several participants switched multiple times between the

risky and the ambiguous urn. In task 1, about 13% of the subjects switched more than once; in

task about 4% displayed multiple switches. Although in the original study by Chakravarty and

Roy (2009) no subject switched more than once, such pattern is common. Such a behavior is

difficult to rationalize with any of the standard models of decision marking under ambiguity, and

may therefore indicate the subjects’ misapprehension of the tasks. The difference in consistent

responses between the two tasks suggest that ambiguity task 2 was easier to understand.

Table 4 reports the summary statistics of the four non-incentivized thought experiments. In the

replication of the seminal Ellsberg (1961) thought experiment with five answer possibilities (Panel

A), the majority of subjects are ambiguity-averse (64%), about 28% are ambiguity-seeking and

8% are ambiguity-neutral. In the thought experiment that places the Ellsberg urn experiment

in a horse betting framework (see panel B), about 60% of the participants are ambiguity-averse,

with the remaining subjects being ambiguity-seeking. The risk equivalent elicited in this setting,

i.e., the probability for which a risky horse bet is equally attractive to subjects as the ambiguous

horse bet is with 30.7% just above the mean of the range of the ambiguous horse bet (20%

and 40%). In thought experiment 3 (pricing complementary temperature bets), we first add

for each subject his or her willingness to pay for both sides of the complementary bets. In

particular, we add together the willingness to pay for both London tickets, and the willingness

to pay for both Vancouver tickets, similar to Fox and Tversky (1995). The absolute ambiguity

premium is the difference between the combined willingness to pay for both London tickets (risky

lottery) less the combined willingness to pay for both Vancouver tickets (ambiguous lottery).

The relative ambiguity premium is defined as the absolute ambiguity premium divided by the

combined willingness to pay for both London tickets. This normalization is designed to adjust

for the subjects’ risk aversion. Since the combined willingness to pay for complementary bets

depends on a subject’s risk aversion, the absolute ambiguity premium is less meaningful when

comparing subjects with different a different risk aversion.7 In our sample, we find an average

ambiguity premium of GBP 6.97 and a relative ambiguity premium of 13.5%. These results

mean that subjects were willing to pay more to bet on familiar London temperature than on

unfamiliar Vancouver temperature, consistent with the notion of ambiguity aversion. Finally, in

the dynamic Ellsberg urn, ambiguity preferences can be inferred indirectly by the risk equivalent

for each subject. This risk equivalent is defined as the probability which makes a participant

7A very risk-averse subject who has a combined willingness to pay for the two London bets of GBP 2 and a
combined willingness to pay for the two Vancouver bets of GBP 1 has the same absolute ambiguity premium (GBP
1) than a less risk averse subject who is willing to pay 51 for the London bets and GBP 50 for the Vancouver bets.
However, the relative ambiguity premia would differ, being 50% for the risk-averse subject and 0.2% for the less
risk averse subject. The relative ambiguity premium is more meaningful, since the absolute ambiguity premium
reflects both the subject’s ambiguity aversion and risk aversion.
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indifferent between the risky and the ambiguous urn.8 The average risk equivalent is around 44%,

fairly concentrated in the range from 37.5% to 57.5%.

3.2 Aggregate consistency

This section analyses the overall distribution of ambiguity attitudes across the different elicitation

methods, and compares our results to corresponding results of previous studies, where available.

For each of the ambiguity tasks and thought experiments considered in this paper it is possible to

classify subjects into different categories depending on their broad ambiguity preferences. Subjects

can be sorted either in two categories (ambiguity-averse and ambiguity-loving decision makers),

or three categories (ambiguity-seeking, ambiguity-neutral, and ambiguity-averse decision makers).

In the tasks and some of the thought experiments, this classification is not obvious but requires

choosing a definition of ambiguity neutrality. There are several possibilities and a certain degree

of arbitrariness. We apply the most narrow definition of ambiguity neutrality for each elicitation

method.9 Since Ellsberg thought experiment and the complementary temperature bets explicitly

allow for ambiguity neutrality, it is not possible to apply a binary classification for these two

elicitation methods.

Table 5 shows the faction of subjects that are classified in these broad ambiguity preference

groups. When using a binary classification of ambiguity preferences between ambiguity seeking

and ambiguity averse behavior, the various tasks generate a remarkably similar distribution of

preferences. Consistently between 60 and 70% of the subjects can be classified as ambiguity

averse, with the remaining subjects being ambiguity seeking. A three-group classification, allowing

for ambiguity neutrality, shows a different and less consistent picture. The valuation task, i.e.,

the willingness to pay for complementary temperature lottery tickets (Fox and Tversky, 1995)

elicit higher ambiguity aversion than choice tasks, a result consistent with Trautmann et al.

(2011). The two incentivized choice tasks by Lauriola and Levin (2001) and Chakravarty and

Roy (2009) suggest broadly similar classifications, but the Lauriola and Levin (2001) design

leads to a higher share of ambiguity neutral subjects (63% versus 50%). This difference can be

explained by the larger increments of the expected earnings in the Lauriola and Levin (2001)

task relative to Chakravarty and Roy (2009), inducing a smaller dispersion of switching points,

as mentioned earlier. Interestingly, the Dynamic Ellsberg urn thought experiment, which uses a

design very similar to Lauriola and Levin (2001), but presents the choices in different order, elicits

a substantially lower share of ambiguity neutrality (39%). It may be possible that the Lauriola

and Levin (2001) task is subject to a framing effect of a typical number induced by the 5 white

balls/5 black balls choice appearing in the middle of the list. In addition, the distributions are

more similar if the definition of ambiguity neutrality is set to include subjects with risk equivalent

from 40% and 60%, similar to Lauriola and Levin (2001). Finally, the low fraction of ambiguity-

neutral subjects in the simple Ellsberg thought experiment might again partly be explained by a

8The risk equivalent is calculated as the mid-point of the interval that is consistent with his or her choices in
the thought experiment. For example, a subject that prefers a risky urn with a probability of winning of 50% over
the ambiguous urn, but prefers the ambiguous urn over a risky urn with a probability of winning of 45%, has an
estimated risk equivalent of 47.5%.

9For example, in the complementary temperature bets, an ambiguity premium of GBP 0 implies ambiguity
neutrality. However, one may argue that a small interval around GBP 0 may be plausibly interpreted as ambiguity
neutrality as well.
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framing effect, as the ambiguity-neutral option represents only one out of five answer possibilities.

Based on the classifications, we test whether the subjects are on average ambiguity neutral using

a Wilcoxon (1945) signed-rank test. Consistently across the various elicitation methods, the null

hypothesis of the subjects being on average ambiguity neutral is rejected at high confidence levels.

Our results are consistent with previous studies that use similar tasks and thought experiments to

measure ambiguity preferences. The two incentivized tasks elicit a distribution remarkably similar

to those presented in the original studies by Lauriola and Levin (2001) and Chakravarty and Roy

(2009). The horse betting thought experiment, which closely follows the design by Viscusi and

Chesson (1999), presents an almost identical binary classification; in the three-category classifica-

tion, our sample exhibits a slightly lower share of ambiguity neutrality than Viscusi and Chesson

(1999). Yet, their three-category classification is based on a small sub-sample of their data, con-

sisting of only 38 students.10 The non-incentivized version of the Ellsberg urn experiment with

five answer possibilities shows a somewhat smaller fraction of ambiguity neutral subjects com-

pared to Butler et al. (2013). The results for the subjects’ willingness to pay for complementary

temperature lottery tickets are qualitatively similar to Fox and Tversky (1995), although their

average relative ambiguity premium is with 39% around twice as large as in our experiment that

exhibits an average relative ambiguity premium of 20%.11 Yet, they do not provide any distribu-

tional information on their sample. The dynamic Ellsberg urn experiment was to our knowledge

first implemented in this paper.

To conclude, this section shows that the various tasks and thought experiments exhibit a re-

markably high level of aggregate consistency with each other as well as to previous findings in

the literature. This result is especially true when distinguishing only between ambiguity seek-

ing and ambiguity averse behavior. Yet, a finer three-way classification shows less consistency

across tasks. Nevertheless, the findings imply that the evidence of ambiguity aversion is robust to

different elicitation methods and experimental designs used when looking at the aggregate sample.

3.3 Individual consistency

This section examines whether the measured ambiguity preferences are consistent across the

various elicitation methods at the individual level. As a first assessment, we compare whether

subjects exhibit the same broad ambiguity attitude across elicitation methods using the same

classification as in the previous section. In a second step, we analyze the correlation statistics of

the ambiguity preferences as measured by each of the elicitation methods.

We consider the choices of a subject pair-wise consistent if they reveal the same ambiguity attitude

in two given elicitation methods. Table 6 presents the individual consistency of ambiguity prefer-

ences for each pair of elicitation methods. Panel A presents the individual consistency when using

the binary classification that distinguishes between ambiguity seeking and ambiguity averse deci-

sion makers; panel B present the average consistency based on a classification into three groups,

including ambiguity neutrality. Since the Ellsberg thought experiment and the complementary

temperature bets explicitly allow for ambiguity neutrality, these tasks have been excluded from

10It has to be noted that the Viscusi and Chesson (1999) design is framed as a loss, while ours is framed as a
gain.

11The average individual relative ambiguity premium is different from the aggregate relative ambiguity premium.
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panel A. The first column of each panel presents for each pair of tasks the fraction of consistent

preferences, i.e., the fraction of subjects that exhibit the same ambiguity attitude for two given

ambiguity measures. The second column presents the difference between the observed fraction of

consistent answers and the fraction of consistent answers that would be generated if the measured

ambiguity preferences were completely random. In the binary classification, this random bench-

mark equals 50%; when using three categories the benchmark equals 33.3%. Only if the fraction

of consistent answers is statistically higher than the random benchmark, two elicitation methods

show some individual consistency.12 Furthermore, we perform a Fisher (1922) test of association

between each pair of elicitation methods. If two measures are individually consistent, a Fisher

(1922) test of no association should be rejected.

The table shows that the various elicitation methods used to measure the individuals’ ambiguity

attitude, broadly defined, tend to be consistent with each other. In all but two pair-wise com-

parisons, the difference between the observed consistency and the random benchmark is positive.

Yet, not for all pairs the difference is statistically significant. In the binary classification, the

highest consistency in preferences can be observed between the ambiguity attitudes measured by

task 2 and the dynamic Ellsberg thought experiment (69.8%). The individual consistency between

the two incentivized tasks is almost equally high (68.6%), followed by the combination of task

1 (Chakravarty and Roy, 2009) and the dynamic Ellsberg thought experiment (64.8%). When

ambiguity neutrality is included as a category on its own, see panel B, the static and dynamic

Ellsberg thought experiments show the highest individual consistency (60.3%), followed by the

three pairs of elicitation methods that are most consistent in the binary classification.

The Fisher (1922) test offers another perspective on the consistency of the various elicitation

methods. While the results are similar for the binary classification, there are substantial differ-

ences in panel B that differentiates between three classes of ambiguity attitudes since the Fisher

(1922) test distinguishes also between different types of non-consistent outcomes. As a result,

even pairs of elicitation methods that score high on individual consistency in terms of the fraction

of consistent classifications, a Fisher test cannot reject the hypothesis that the two elicitation

methods generate completely independent ambiguity classifications. Most important, the classifi-

cation into ambiguity seeking, ambiguity neutral, and ambiguity averse decision makers obtained

from task 1 is statistically independent from the results of ambiguity task 2.

Taken together, the analysis shows that most of the different approaches to measure the overall

ambiguity attitude yield rather similar results. Perhaps not surprisingly, the highest consistency

can be observed between the rather similar tasks derived from the original Ellsberg thought

experiment, involving choices between risky and ambiguous urn lotteries. In contrast, ambiguity

preferences obtained from the complementary temperature bets and the horse bet setting exhibit,

on average, rather low levels of individual consistency.

Another possibility to measure the consistency of the ambiguity preferences obtained from the

various elicitation methods is to calculate their correlation with each other. The correlation

matrix of table 7 is directly calculated from the switching points (incentivized tasks) and answers

12The random benchmark refers to an entirely random classification into the different ambiguity preference
groups, not to completely random choices in the tasks and thought experiments. An entirely random choice
pattern in the tasks would not even generate single switching points in most cases.
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(non-incentivized thought experiments).13 Apart from a few cases, the correlation between the

various ambiguity measures is positive. Yet, only very few correlations are positively significant.

Interestingly, although the overall preference pattern of both incentivized tasks is very similar

(see table 5), the correlation table reveals that individual ambiguity preferences elicited from task

1 and task 2 are very different. The correlation of switching points is very small, reaching just

about 12%, without being statistically significant. Furthermore, the correlation matrix shows

that the ambiguity preferences obtained from the thought experiments are only little correlated

with each other, and similarly exhibit only a low correlation with the switching points from the

tasks. Only the static and dynamic Ellsberg thought experiments show more than one significant

correlation with some other ambiguity measure.14

As such, the correlation matrix confirms the previous results. Across the various ambiguity

measures, it is again mostly the Ellsberg type of urn experiments that are significantly related

with each other. The results of this section show that commonly used elicitation methods of

ambiguity preferences yield only similar results when looking at broad categories of ambiguity

attitudes, such as ambiguity aversion and ambiguity love. In contrast, they fail to accurately

capture finer degrees of ambiguity preferences. Very clearly, different mechanisms to measure

ambiguity preferences result in partly very different results, i.e., ambiguity preferences depend

very much on the experimental design. As a consequence, the implications drawn from any

ambiguity experiment, incentivized or not, are also likely to depend on the experimental design.

Furthermore, while some thought experiments are lead to similar ambiguity preferences compared

to standard incentivized experiments, this section shows that not all thought experiment are

equally good to measure ambiguity preferences in the sense of economic experiments. Especially

the willingness to pay for complementary temperature bets following Fox and Tversky (1995)

does not exhibit any association with experimental measures of ambiguity preferences.

3.4 Time consistency

The previous section shows that, at the individual level, measures of ambiguity preferences de-

pend very much on the method and experimental design used to elicit preferences. While some

ambiguity measures are highly related to each other, some other measures exhibit even a nega-

tive association. Especially the low correlation between the switching points obtained from the

two incentivized experiments questions the reliability of the various methods to elicit ambiguity

preferences.

There are two explanations for these findings. First, the wording, context and answer possibilities

of the various techniques differs. Even if there exists something like a fundamental or univer-

sal ambiguity preference, such framing effects can cause differences in the measured ambiguity

attitudes.15 Second, and more important, all elicitation methods considered are subject to mea-

surement errors. A perfect correlation between the various measures cannot possibly be expected,

since some of the tasks are rather complex resulting in measurement errors.

13The correlation table is calculated such that the measured ambiguity preferences are comparable. A high
number indicates ambiguity aversion for all elicitation methods.

14In addition, there is also a substantial correlation between the two measures of ambiguity premia obtained
from the temperature bets and the two ambiguity preferences from in the horse betting framework.

15Beauchamp et al. (2012) find similar results when measuring risk aversion.
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In this section we analyze the reliability of the various elicitation methods by examining their

consistency over time. The conjecture is that elicitation methods that exhibit less measurement

errors should lead to more consistent results when subjects are confronted with the same mech-

anism again. To analyze the time consistency, and hence accuracy, of the elicitation methods,

we invited a sub-sample of subjects to participate in the experiments twice. This allows us to

obtain two measures of ambiguity preferences for each of the ambiguity mechanisms. 26 subjects

participated in the experiment twice, around 5 month after their first participation.16

Table 8 compares the ambiguity preferences obtained from the same subjects at two points in

time. The first two columns report the correlation and p-values of each of the measured ambiguity

preferences, the last two columns the explained variance (R2 and adjusted R2) when regressing

the second observation of ambiguity preferences on the first observation.

The table shows that the time consistency of the measured ambiguity preferences is not very

pronounced. Several measures even exhibit a negative correlation over time. Especially the

complementary temperature bets as proposed by Fox and Tversky (1995) to measure ambiguity

does not produce consistent preference measures, and might therefore not generate very reliable

ambiguity measures. Only the ambiguity preferences obtained from the hypothetical horse betting

question show some significant time consistency at the 10% level. As it is the simplest of the four

thought experiments, this suggests that task complexity and measurement error are positively

related. In direct comparison of the two experimental measures of ambiguity, it seems that the

ambiguity experiment 2 generates slightly smaller measurement errors as the preferences obtained

are more consistent over time. Yet, the sample size of this extension to the main study is rather

small.

3.5 Prediction of experimental ambiguity measures

Although there are many techniques to measure human preferences, including incentivized tasks,

non-incentivized thought experiments as well as survey questionnaires, the experimental eco-

nomics literature advocates the use of incentivized laboratory experiments. While this method

is recognized as best practice in experimental research, this procedure is sometimes very difficult

to implement (requiring a laboratory) and expensive (payments to participants). Especially in

field experiments, incentivized experiments face serious challenges due to the high administrative

costs and the relatively complex design of experimental games.

To facilitate the measurement of fundamental human preferences, an emerging literature is con-

cerned with finding simpler and more practical methods to measure preferences. These studies

identify a set of simple survey questions and non-incentivized thought experiments that allow for a

preference measurement equally reliable as elaborate laboratory experiments.17 In this section, we

similarly examine whether it is possible to use non-incentivized thought experiments and simple

survey questions to predict or proxy for standard experimental measures of ambiguity preferences.

Since it is a priori not possible to tell which out the ambiguity preferences obtained from the

1614 of these subjects participated in a pilot study that took place several months before the main study. The
other 12 subjects participated in both experiments in May and October 2013. Given some modifications of the
experimental design, only a subset of ambiguity measures was available in both the pilot experiment and the main
study. However and most important, both incentivized experiments remained unchanged.

17Examples are by Fehr et al. (2003), Dohmen et al. (2011), Hardeweg et al. (2011) and Vischer et al. (2011).
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two incentivized tasks truly reflects individual ambiguity preferences, we first create a synthetic

ambiguity preference measure using both tasks. This joint measure then serves as our experimen-

tal benchmark of ambiguity preferences. To this end, we calculate the average switching points

AMBs of the two experiments. This procedure allows also to reduce the measurement error of

each of the experimental measures. Since the relative attractiveness of the risky urn changes in

opposite directions, we need to adjust the original switching points. Furthermore, we need to

correct for the number of situations in the two experiments:

AMBs =
1

2

(
switching point experiment 1

10
+

11− switching point experiment 2

11

)
The higher the switching point, the more ambiguity averse are the subjects. Since AMBs requires

a unique switching point in both tasks, AMBs is only available for 102 subjects.

As a first assessment of the quality of the synthetic ambiguity measure, we evaluate the time

consistency of the measured ambiguity preferences, similar to the previous section. In untabulated

calculations, we find that the synthetic ambiguity measure exhibits a correlation over time of

35.6% (p-value: 0.106), which is higher than each of the two experimental measures, see table 8.

Similarly, a regression of the second observation of AMBs on the first observation yields a R2 of

11.95%, which is also higher than each of the tasks. Hence, as conjectured, combining the two

experimental ambiguity measures reduces the measurement error.

We next analyze whether it is possible to use four non-incentivized thought experiments to predict

individual ambiguity preferences obtained from the tasks. Put differently, we seek to identify the

thought experiments that explain the highest share of variance in the synthetic experimental

ambiguity measure. In simple OLS regressions, this corresponds to identifying the combination

of predictor variables that maximizes the adjusted R2. We adopt the following procedure. First,

we identify the set of predictors that is positively correlated with AMBs, the combined measure

of experimental ambiguity preferences. Second, for a given number of predictor variables, we

estimate the linear regression model using every possible combination of thought experiments as

predictor variables. Finally, we select the best combination of predictors in terms of the adjusted

R2.18

The results are shown in table 9. The best predictor for the experimental measure of ambiguity

preferences is the original Ellsberg (1961) thought experiment, explaining almost 11% of the

variance. When adding the thought experiment that asks subjects for their risk equivalent to

an ambiguous horse bet, the adjusted R2 increases from 9.7% to 13.6%. Although the strict

preference between a risky and an ambiguous horse bet is not significant, it still slightly increases

the adjusted R2. The remaining two thought experiments further increase the explanatory power

of the regression, but they fail to improve the adjusted R2. Hence, the maximum adjusted R2 is

obtained by using just three thought experiments.

In an extension of this analysis, we also include survey questions as potential predictors for

individual ambiguity attitudes. Since these items (see appendix C) are taken from the psychology

literature, it is a priori not clear whether they measure ambiguity attitudes in a similar way

18The results are unchanged if we use the Akaike information criterion, AIC (Akaike, 1974) or Baysian informa-
tion criterion, BIC (Schwarz, 1978) as regression model selection criteria. All predictors of the selected regression
models are jointly significant using an F-test. Furthermore, the results are identical when using an ordered probit
regression model instead of OLS, using the pseudo R2 as model selection criterium.
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as the experimental economics literature. In fact, out of the 46 survey items, only 6 items

show some weakly significant correlation with the synthetic benchmark of experimental ambiguity

preferences, see table 10. Since one item (item number 11) has the wrong correlation with the

experimental preference measure, we discard this survey questions.19 Two survey items, items 7

and 33, however show a strong correlation with the experimental preference measure.

We add these 6 survey items to the pool of explanatory variables to predict the experimental

ambiguity preferences. That is, we repeat the analysis of the previous section, using now a

set of 11 explanatory variables. Again, we then identify the combination of predictor variables

that maximizes the adjusted R2. The results are shown in table 11. The survey items increase

the explained variance of the regressions significantly. Although the original Ellsberg (1961)

thought experiment and the thought experiment that asks subjects for their risk equivalent to

an ambiguous horse bet remain the two best predictors, survey items 45, 33, 38 and 7 further

increase the explained variance by more than 8%. The optimal set of predictor variables includes

four thought experiments and two survey questions.20

From a practical perspective, how can we assess the quality of prediction of experimental am-

biguity preferences using non-incentivized thought experiments and survey questions? At first

sight, an explained variance of 23% seems very low, as this implies that the predictors together

fall obviously short from exactly predicting experimental ambiguity measures. Yet, even when

repeating both incentivized experiments with the same participants some time later, the obtained

synthetic ambiguity preferences only correlate 33% with each other. Hence, the predictive re-

gressions should not be benchmarked against an explained variance of one, but rather against a

correlation of 33% or a R2 of 10.8%, the explained variance when regression the two synthetic

ambiguity measures on each other, as this level of would be equally good as the experiment itself,

once taking measurement errors into account. In this light, the selected thought experiments

and survey questions are slightly better in measuring ambiguity preferences than the experiment

itself.21

4 Concluding remarks

Following Ellsberg’s seminal thought experiment, the literature has proposed many different task

designs to measure ambiguity preferences. These tasks are based on incentivized laboratory exper-

iments, non-incentivized thought experiments and survey questionnaires. This study compares

individual estimates of ambiguity preferences obtained from a large variety of elicitation tasks

proposed in the literature.

We find a high degree of aggregate consistency across tasks closely in line with the results from

previous literature using similar elicitation methods. However, individual consistency is more

19Subjects were asked to respond to the statements by indicating the extent to which you agree or disagree with
them on a scale from 1 (I strongly agree) to 7 (I strongly disagree). Hence, a high value in the question “Perfect
balance is the essence of all good composition.” rather implies ambiguity-seeking preferences than ambiguity-averse
preferences.

20Adding other survey questions or thought experiments increases the explanatory power of the regression, but
not the adjusted R2.

21It should be noted that the second experiment took place five months after the first experiment, see section
3.4. Furthermore, the sample size of the retest is much smaller. Hence, a direct comparison of the correlation
measures and R2 is not possible.
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volatile: while we find that subjects are in general more consistent than one would expect under

random choice, subjects are not fully consistent in their responses across tasks. In particular,

some of the most popular thought experiments in the literature on ambiguity have no relation

to the behavior observed in incentivized experiments. While the concept of ambiguity tolerance

in psychology is partly distinct from the notion of ambiguity in the economics literature, a se-

lection of survey questions widely-used in psychology correlates with ambiguity attitudes elicited

using incentivized games. We identify two simple thought experiments and four survey questions

which explain about 25% of the variation in individual ambiguity preferences. Taken together,

these items might offer a reliable alternative to measure ambiguity preferences when running

experiments is unfeasible.

The results of this study may have some important implications. On the one hand, the study

highlights the importance of carefully selecting the experimental design when estimating ambi-

guity preferences. Since the concept of ambiguity is more difficult to grasp compared to other

preference dimensions, such as risk, the elicitation of ambiguity attitudes is more prone to errors

and therefore more challenging for a researcher.

On the other hand, the results indicate that it is possible to estimate ambiguity preferences

without relying on laboratory experiments, at least to some extent. As such, this insight makes

it easier to measure ambiguity preferences in large-scale field surveys. There might be also some

applications for practitioners. While simple risk assessment questions are standard when advising

banking clients about their optimal investment portfolio, the clients’ ambiguity attitudes have

been left unexplored because of the lack of simple assessment methods. With the help of simpler

ambiguity measures, private banks can improve the personality assessment of their clients to tailor

better asset allocation strategies.
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Appendix A: Incentivized experiments

This appendix describes the three incentivized experiments in detail. Before each experiment,
subjects were presented examples to familiarize them with the design of the experiment. In
addition, subjects were asked several control questions to ensure that they understood the payoff
structure of each experiment.

Ambiguity experiment 1, Chakravarty and Roy (2009): This experiment is taken from
decision sheet D of Chakravarty and Roy (2009).

This task involves a decision table with 10 situations. Each situation offers you a choice
between drawing a ball from two different urns, urn X or urn Y. Both urns contain 10 balls,
either white or black.

• Urn X: You know the composition of urn X. It contains 5 white balls and 5 black balls.

• Urn Y: In contrast you don’t know the composition of urn Y. All you know is that it
may contain either 10 white balls or 10 black balls.

Note that the composition of the urns does not change from one situation to the next. The
points you can earn depend on the color of the ball drawn. Only one color yields some points.
You can choose whether the color that yields points is white or black. For example, suppose
you chose black. In this case, you earn some points if the ball drawn is black, but you don’t
earn any points if the ball drawn is white. Please choose the color of the ball that provides
you points:

• white

• black

Please look at the decision table below.22 In each of the 10 situations, we would like you to
indicate from which urn (urn X or urn Y) you prefer drawing a ball. If white ball is drawn,
you earn the points indicated in the table. If a black ball is drawn, you earn no points. The
points you earn when drawing a white ball from urn X change from one situation to the next.
However, the points you earn when drawing a white ball from urn Y is always 10.

At the end of the session, the computer will randomly select one out of the 10 situations.
Then, depending on whether you have chosen urn X or urn Y in that situation, the computer
will randomly draw one ball from that urn. Depending on the color of the ball, you earn the
points indicated in the table. Notice that even though you will make 10 decisions, only one of
these will determine the points you earn, but you will not know in advance which situation
will be selected (they are equally likely to be selected).

In each situation, from which urn do you prefer to draw a ball, urn X or urn Y?

22The actual decision table presented to the subjects depends on the color chosen. In this appendix, we assume
that the selected color is white. If the selected color is black, the word “white” has to be replaced with “black”,
and vice versa.
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URN X: URN Y:
Composition: 5 white balls, 5 black balls Composition: 10 white balls OR Your choices

10 black balls
1 If a white ball is drawn you earn 14 points If a white ball is drawn you earn 10 points Urn X © © Urn Y
2 If a white ball is drawn you earn 13 points If a white ball is drawn you earn 10 points Urn X © © Urn Y
3 If a white ball is drawn you earn 12 points If a white ball is drawn you earn 10 points Urn X © © Urn Y
4 If a white ball is drawn you earn 11 points If a white ball is drawn you earn 10 points Urn X © © Urn Y
5 If a white ball is drawn you earn 10 points If a white ball is drawn you earn 10 points Urn X © © Urn Y
6 If a white ball is drawn you earn 9 points If a white ball is drawn you earn 10 points Urn X © © Urn Y
7 If a white ball is drawn you earn 8 points If a white ball is drawn you earn 10 points Urn X © © Urn Y
8 If a white ball is drawn you earn 7 points If a white ball is drawn you earn 10 points Urn X © © Urn Y
9 If a white ball is drawn you earn 4 points If a white ball is drawn you earn 10 points Urn X © © Urn Y
10 If a white ball is drawn you earn 2 points If a white ball is drawn you earn 10 points Urn X © © Urn Y

Ambiguity experiment 2: This experiment is an extension of the Ellsberg (1961) thought
experiment, similar to Lauriola and Levin (2001) and Butler et al. (2013).

In this task, we present you a decision table with 11 situations. Each situation offers you a
choice between drawing a ball from two different urns, urn 1 or urn 2. Both urns contain 10
balls, either white or black.

• Urn 1: The composition of urn 1 changes from one situation to the next. While the
number of balls in one color (e.g., white) increases incrementally from 0 to 10, the
number of balls of the other color (e.g., black) decreases accordingly.

• Urn 2: The composition of urn 2 is identical in each situation. However, you don’t
know how many balls are white and how many balls are black. Any combination is
possible. There might be from 0 to 10 white balls, with the remaining balls being black.

One ball will be drawn from the urn you choose. The points you can earn depend on the color
of the ball drawn. Only one color yields some points. You can choose whether the color that
yields points is white or black. Please choose the color of the ball that provides you points:

• white

• black

Please look at the decision table below.23 In each of the 11 situations, we would like you to
indicate from which urn (urn 1 or urn 2) you prefer drawing a ball. As explained before,
both urns contain 10 balls, either white or black.

• Urn 1: The composition of urn 1 changes from one situation to the next. The number
of white balls increases incrementally from 0 white balls in situation 0 to 10 white balls
in situation 10, while the number of black balls decreases accordingly.

• Urn 2: The composition of urn 2 is identical in all situations. However, the exact
composition of urn 2 is unknown. Any combination of white and black balls is possible:
there might be 10 white balls, or 10 black balls, or any other possible combination of
white and black balls.

23The actual decision table presented to the subjects depends on the color chosen. In this appendix, we assume
that the selected color is white. If the selected color is black, the word “white” has to be replaced with “black”,
and vice versa.
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If a white ball is drawn, you earn 10 points. If a black ball is drawn, you earn no points.

At the end of the session, the computer will randomly select one out of the 11 situations.
Then, depending on whether you have chosen urn 1 or urn 2 in that situation, the computer
will randomly draw one ball from that urn. Depending on the color of the ball, you earn the
points indicated in the table. Notice that even though you will make 11 decisions, only one of
these will determine the points you earn, but you will not know in advance which situation
will be selected (they are equally likely to be selected).

In each situation, from which urn do you prefer to draw a ball, urn 1 or urn 2?

URN 1: URN 2: Your choices
If a white ball is drawn you earn 10 points If a white ball is drawn you earn 10 points

0 0 white balls, 10 black balls unknown composition Urn 1 © © Urn 2
1 1 white ball, 9 black balls unknown composition Urn 1 © © Urn 2
2 2 white balls, 8 black balls unknown composition Urn 1 © © Urn 2
3 3 white balls, 7 black balls unknown composition Urn 1 © © Urn 2
4 4 white balls, 6 black balls unknown composition Urn 1 © © Urn 2
5 5 white balls, 5 black balls unknown composition Urn 1 © © Urn 2
6 6 white balls, 4 black balls unknown composition Urn 1 © © Urn 2
7 7 white balls, 3 black balls unknown composition Urn 1 © © Urn 2
8 8 white balls, 2 black balls unknown composition Urn 1 © © Urn 2
9 9 white balls, 1 black ball unknown composition Urn 1 © © Urn 2
10 10 white balls, 0 black balls unknown composition Urn 1 © © Urn 2

Risk experiment (Chakravarty and Roy, 2009): This experiment is taken from decision
sheet B of Chakravarty and Roy (2009).

In this task you need to fill in the decision table shown below. The decision table consists
of 10 different situations, listed 1 to 10. Each situation offers you a choice between drawing
a ball from two different urns, urn A or urn B. Both urns contain 10 balls, either white or
black.

• The composition of urn A is identical in all 10 situations. There are 5 white balls and
5 black balls.

• The composition of urn B changes from one situation to the next. The number of
white balls increases incrementally from 0 white balls in situation 1 to 9 white balls in
situation 10, while the number of black balls decreases accordingly.

At the end of the session, the computer will randomly select one out of the 10 situations.
Then, depending on whether you have chosen urn A or urn B in that situation, the computer
will randomly draw one ball from that urn. Depending on the color of the ball, you earn the
points indicated in the table. Notice that even though you will make 10 decisions, only one of
these will determine the points you earn, but you will not know in advance which situation
will be selected (they are equally likely to be selected).

In each situation, from which urn do you prefer to draw a ball, urn A or urn B?
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URN A: URN B:
If a white ball is drawn you earn 6 points If a white ball is drawn you earn 10 points Your choices
If a black ball is drawn you earn 4 points If a white ball is drawn you earn 0 points

1 5 white balls, 5 black balls 0 white balls, 10 black balls Urn A © © Urn B
2 5 white balls, 5 black balls 1 white ball, 9 black balls Urn A © © Urn B
3 5 white balls, 5 black balls 2 white balls, 8 black balls Urn A © © Urn B
4 5 white balls, 5 black balls 3 white balls, 7 black balls Urn A © © Urn B
5 5 white balls, 5 black balls 4 white balls, 6 black balls Urn A © © Urn B
6 5 white balls, 5 black balls 5 white balls, 5 black balls Urn A © © Urn B
7 5 white balls, 5 black balls 6 white balls, 4 black balls Urn A © © Urn B
8 5 white balls, 5 black balls 7 white balls, 3 black balls Urn A © © Urn B
9 5 white balls, 5 black balls 8 white balls, 2 black balls Urn A © © Urn B
10 5 white balls, 5 black balls 9 white balls, 1 black ball Urn A © © Urn B

Appendix B: Non-incentivized thought experiments

Ellsberg urn experiment

Please imagine the following situation: You can choose between drawing a ball from two
different urns, urn A and urn B. Urn A contains 100 balls, some are white and some are
black. However, you don’t know how many balls are white and how many balls are black.
Any combination is possible. There might be from 0 to 100 white balls, with the remaining
balls being black. Urn B contains 100 balls as well, but you know that it contains exactly 50
white balls and 50 black balls. Now choose a color, either white or black. Suppose you win
£100 if you draw a ball of the color you have selected. If the ball is of the other color, you
win nothing. From which urn would you prefer drawing a ball?

1. I have a strong preference to draw a ball from urn A.

2. I have a slight preference to draw a ball from urn A.

3. I am indifferent between drawing a ball from urn A or from urn B.

4. I have a slight preference to draw a ball from urn B.

5. I have a strong preference to draw a ball from urn B.

Horse betting

Please imagine the following situation: Suppose two friends invite you to accompany them
to a horse race. Both are experts in horse races. Your friends agree that the probability of
horse A winning the race is 30%. In contrast, they disagree on the chances of horse B. One
friend suggests that the probability of horse B winning is 20%, the other friend suggests the
probability of horse B winning is 40%. If you had to bet on one of the horses, which horse
would you rather bet on?

1. Horse A

2. Horse B

Suppose there is a third horse C. Which probability of horse C winning would make a bet
on horse C equally attractive to you as betting on horse B? In other words, we ask you to
select the probability of horse C winning such that you are indifferent between betting on
horse B or on horse C. Remember that your friends do not agree on the chances of horse B.
One friend suggests that the probability of horse B winning is 20%, the other friend suggests
the probability of horse B winning is 40%. Please select the probability of horse C winning
such that you are indifferent between betting on horse B or on horse C. Insert a probability
between 20% and 40% in the box below.
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Pricing complementary temperature bets

Imagine you are offered some lottery tickets whose payoff depends on the maximum temper-
ature in a specific city, on a specific day in the future. There are two types of such tickets.
The first type of ticket pays you £100 if the maximum temperature is above a certain level.
If the maximum temperature is below that level, the ticket pays you nothing. The second
type of ticket pays you £100 if the maximum temperature is below a certain level. If the
maximum temperature is above that level, the ticket pays you nothing.

Example of a lottery ticket of type 1: A ticket that pays you £100 if the maximum temper-
ature in Paris is at least 20 degrees Celsius on the 01/07/13, and nothing if the maximum
temperature is below 20 degrees Celsius.

On the next two screens you are offered four temperature lottery tickets. We would like to
know the highest price you would be willing to pay for each of the tickets.

1. Imagine you have been offered a lottery ticket that pays you £100 if the maximum
temperature in London is at least 15 degrees Celsius exactly one week from today, and
nothing if the temperature is below 15 degrees Celsius. What is the highest price you
would be willing to pay for such a ticket? (in £)

2. Imagine you have been offered a lottery ticket that pays you £100 if the maximum
temperature in London is below 15 degrees Celsius exactly one week from today, and
nothing if the temperature is above 15 degrees Celsius. What is the highest price you
would be willing to pay for such a ticket? (in £)

3. Imagine you have been offered a lottery ticket that pays you £100 if the maximum
temperature in Vancouver is at least 15 degrees Celsius exactly one week from today,
and nothing if the temperature is below 15 degrees Celsius. What is the highest price
you would be willing to pay for such a ticket? (in £)

4. Imagine you have been offered a lottery ticket that pays you £100 if the maximum
temperature in Vancouver is below 15 degrees Celsius exactly one week from today, and
nothing if the temperature is above 15 degrees Celsius. What is the highest price you
would be willing to pay for such a ticket? (in £)

Dynamic Ellsberg urn experiment

Please imagine the following situation: You can choose between drawing a ball from two
different urns, urn A and urn B. Urn A contains 100 balls, some are white and some are
black. However, you don’t know how many balls are white and how many balls are black.
Any combination is possible. There might be from 0 to 100 white balls, with the remaining
balls being black. Put differently, you do not know the probability of drawing a white or a
black ball. Urn B contains 100 balls as well, but you know the exact number of white and
black balls in this urn. In other words, you know the exact probability of drawing a white or
a black ball. Now choose a color, either white or black. Suppose you win £100 if you draw a
ball of the color you have selected. If the ball is of the other color, you win nothing. Please
choose the color of the ball that provides you £100:

• white

• black

We present you now several situations.24 The composition of urn A is identical in each
situation. The composition of urn B is different in each situation.

24The actual situations presented to the subjects depend on the color chosen. In this appendix, we assume that
the selected color is white. If the selected color is black, the word “white” has to be replaced with “black”, and vice
versa.
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1. What would you prefer? Drawing a ball from urn A with unknown composition, i.e.,
you do not know the probability of drawing a white ball or drawing a ball from urn
B in which there are 45 white balls and 55 black balls, i.e., there is a 45% chance of
drawing a white ball? Remember, you win £100 if you draw a white ball, and nothing
otherwise.

(a) Urn A → go to situation 2

(b) Urn B → go to situation 3

2. What would you prefer? Drawing a ball from urn A with unknown composition, i.e.,
you do not know the probability of drawing a white ball or drawing a ball from urn
B in which there are 65 white balls and 35 black balls, i.e., there is a 65% chance of
drawing a white ball? Remember, you win £100 if you draw a white ball, and nothing
otherwise.

(a) Urn A → go to situation 4

(b) Urn B → go to situation 5

3. What would you prefer? Drawing a ball from urn A with unknown composition, i.e.,
you do not know the probability of drawing a white ball or drawing a ball from urn
B in which there are 25 white balls and 75 black balls, i.e., there is a 25% chance of
drawing a white ball? Remember, you win £100 if you draw a white ball, and nothing
otherwise.

(a) Urn A → go to situation 6

(b) Urn B → go to situation 7

4. What would you prefer? Drawing a ball from urn A with unknown composition, i.e.,
you do not know the probability of drawing a white ball or drawing a ball from urn
B in which there are 75 white balls and 25 black balls, i.e., there is a 75% chance of
drawing a white ball? Remember, you win £100 if you draw a white ball, and nothing
otherwise.

(a) Urn A → go to situation 8

(b) Urn B → go to situation 9

5. What would you prefer? Drawing a ball from urn A with unknown composition, i.e.,
you do not know the probability of drawing a white ball or drawing a ball from urn
B in which there are 55 white balls and 45 black balls, i.e., there is a 55% chance of
drawing a white ball? Remember, you win £100 if you draw a white ball, and nothing
otherwise.

(a) Urn A → go to situation 10

(b) Urn B → go to situation 11

6. What would you prefer? Drawing a ball from urn A with unknown composition, i.e.,
you do not know the probability of drawing a white ball or drawing a ball from urn
B in which there are 35 white balls and 65 black balls, i.e., there is a 35% chance of
drawing a white ball? Remember, you win £100 if you draw a white ball, and nothing
otherwise.

(a) Urn A → go to situation 12

(b) Urn B → go to situation 13

7. What would you prefer? Drawing a ball from urn A with unknown composition, i.e.,
you do not know the probability of drawing a white ball or drawing a ball from urn
B in which there are 15 white balls and 85 black balls, i.e., there is a 15% chance of
drawing a white ball? Remember, you win £100 if you draw a white ball, and nothing
otherwise.
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(a) Urn A → go to situation 14

(b) Urn B → go to situation 15

8. What would you prefer? Drawing a ball from urn A with unknown composition, i.e.,
you do not know the probability of drawing a white ball or drawing a ball from urn
B in which there are 80 white balls and 20 black balls, i.e., there is a 80% chance of
drawing a white ball? Remember, you win £100 if you draw a white ball, and nothing
otherwise.

(a) Urn A → go to situation 16

(b) Urn B

9. What would you prefer? Drawing a ball from urn A with unknown composition, i.e.,
you do not know the probability of drawing a white ball or drawing a ball from urn
B in which there are 70 white balls and 30 black balls, i.e., there is a 70% chance of
drawing a white ball? Remember, you win £100 if you draw a white ball, and nothing
otherwise.

(a) Urn A

(b) Urn B

10. What would you prefer? Drawing a ball from urn A with unknown composition, i.e.,
you do not know the probability of drawing a white ball or drawing a ball from urn
B in which there are 60 white balls and 40 black balls, i.e., there is a 60% chance of
drawing a white ball? Remember, you win £100 if you draw a white ball, and nothing
otherwise.

(a) Urn A

(b) Urn B

11. What would you prefer? Drawing a ball from urn A with unknown composition, i.e.,
you do not know the probability of drawing a white ball or drawing a ball from urn
B in which there are 50 white balls and 50 black balls, i.e., there is a 50% chance of
drawing a white ball? Remember, you win £100 if you draw a white ball, and nothing
otherwise.

(a) Urn A

(b) Urn B

12. What would you prefer? Drawing a ball from urn A with unknown composition, i.e.,
you do not know the probability of drawing a white ball or drawing a ball from urn
B in which there are 40 white balls and 60 black balls, i.e., there is a 40% chance of
drawing a white ball? Remember, you win £100 if you draw a white ball, and nothing
otherwise.

(a) Urn A

(b) Urn B

13. What would you prefer? Drawing a ball from urn A with unknown composition, i.e.,
you do not know the probability of drawing a white ball or drawing a ball from urn
B in which there are 30 white balls and 70 black balls, i.e., there is a 30% chance of
drawing a white ball? Remember, you win £100 if you draw a white ball, and nothing
otherwise.

(a) Urn A

(b) Urn B

14. What would you prefer? Drawing a ball from urn A with unknown composition, i.e.,
you do not know the probability of drawing a white ball or drawing a ball from urn
B in which there are 20 white balls and 80 black balls, i.e., there is a 20% chance of
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drawing a white ball? Remember, you win £100 if you draw a white ball, and nothing
otherwise.

(a) Urn A

(b) Urn B

15. What would you prefer? Drawing a ball from urn A with unknown composition, i.e.,
you do not know the probability of drawing a white ball or drawing a ball from urn
B in which there are 10 white balls and 90 black balls, i.e., there is a 10% chance of
drawing a white ball? Remember, you win £100 if you draw a white ball, and nothing
otherwise.

(a) Urn A

(b) Urn B → go to situation 17

16. What would you prefer? Drawing a ball from urn A with unknown composition, i.e.,
you do not know the probability of drawing a white ball or drawing a ball from urn
B in which there are 90 white balls and 10 black balls, i.e., there is a 90% chance of
drawing a white ball? Remember, you win £100 if you draw a white ball, and nothing
otherwise.

(a) Urn A

(b) Urn B

17. What would you prefer? Drawing a ball from urn A with unknown composition, i.e.,
you do not know the probability of drawing a white ball or drawing a ball from urn B in
which there are 5 white balls and 95 black balls, i.e., there is a 5% chance of drawing a
white ball? Remember, you win £100 if you draw a white ball, and nothing otherwise.

(a) Urn A

(b) Urn B

Appendix C: Survey questionnaire

The survey or self-assessment questions to elicit ambiguity preferences are mostly taken from self-
reporting scales in the psychology literature.

In this part, we present you a list of statements. Please indicate the extent to which you
agree or disagree with them. Please do not spend too much time on each statement. There
are no right or wrong answers and therefore your first response is important. Nevertheless,
try to be as honest as you can be. Answer according to your own feelings, rather than how
you think most people would answer. Don’t worry about being consistent in your responses.
Be sure to answer every statement.

Please respond to the following statements by indicating the extent to which you agree or
disagree with them on a scale from 1 (I strongly agree) to 7 (I strongly disagree).

Intolerance of Ambiguity Scale by Kirton (1981). Items based on Mac Donald Jr. (1970)
and Rydell and Rosen (1966):

1 There’s a right way and a wrong way to do almost everything.

2 Practically every problem has a solution.

3 I have always felt that there is a clear difference between right and wrong.

4 Nothing gets accomplished in this world unless you stick to some basic rules.

5 If I were a doctor, I would prefer the uncertainties of a psychiatrist to the clear and
definite work of someone like a surgeon or a x-ray specialist.
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6 Vague and impressionistic pictures really have little appeal for me.

7 Before an examination, I feel much less anxious if I know how many questions there will
be.

8 The best part of a jigsaw puzzle is putting in that last piece.

9 I don’t like to work on a problem unless there is a possibility of coming out with a clear-cut
and unambiguous answer.

10 I like to fool around with new ideas, even if they turn out later to be a total waste of
time.

11 Perfect balance is the essence of all good composition.

Items based on Budner (1962):

12 An expert who doesn’t come up with a definite answer probably doesn’t know too much.

13 There is really no such thing as a problem that can’t be solved.

14 A good job is one where what is to be done and how it is to be done are always clear.

15 In the long run it is possible to get more done by tackling small, simple problems rather
than lange and complicated ones.

16 What we are used to is always preferable to what is unfamiliar.

17 A person who leads an even, regular life in which few surprises or unexpected happenings
arise, really has a lot to be grateful for.

18 I like parties where I know most of the people more than the ones where all or most of
the people are complete strangers.

Item from the Tolerance of Ambiguity Scale by Budner (1962):

19 I would like to live for a while in a foreign country that is new to me.

Items from the Ambiguity Tolerance Scale by Norton (1975):

20 In a decision-making problem in which there is not enough information to process the
problem, I feel very uncomfortable.

21 I am tolerant of ambiguous situations.

22 Vague and impressionistic pictures appeal to me more than realistic pictures.

23 I like movies or stories with definite endings.

24 The best part about reading a poem is then being able to read a commentary explaining
the poem’s meanings.

Items from the Extended Life Orientation test by Chang et al. (1997):

25 In uncertain times, I usually expect the best.

26 When I undertake something new, I expect to succeed.

27 If something can go wrong for me, it will.

28 I rarely count on good things happening to me.

Items from the Uncertainty Response Scale by Greco and Roger (2001):

29 When making a decision, I am deterred by the fear of making a mistake.

30 When a situation is uncertain, I generally expect the worst to happen.
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31 I find the prospect of change exciting and stimulating.

32 I enjoy unexpected events.

33 The idea of taking a trip to a new country fascinates me.

34 Before making any changes, I need to think things over thoroughly.

35 I feel relieved when an ambiguous situation suddenly becomes clear.

36 When uncertain, I act very cautiously until I have more information about the situation.

37 I prefer to stick to tried and tested ways of doing things.

Items from the Ambiguity Tolerance Scale II by McLain (2009):

38 I try to avoid situations that are ambiguous.

39 I avoid situations that are too complicated for me to easily understand.

40 I generally prefer novelty over familiarity.

41 I find it hard to make a choice when the outcome is uncertain.

Single-item measure of self-esteem by Robins et al. (2001)25:

42 I have high self-esteem.

Other items (own additions):

43 I like novelties.

44 I voluntarily accept new challenges.

45 When a situation is uncertain, I never take action until I know all the risks involved.

46 Do you consider yourself as a pessimist or an optimist?

25Similar to Robins et al. (2001), this item uses a 5 point answer scale.
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Appendix D: Sample description

The table of this appendix summarizes our sample of participants.

Table 1: Summary of sample characteristics

Panel A: Gender

Observations Percentage

male 54 44.6%
female 67 55.4%

Panel B: Marital status

Observations Percentage

single 112 92.6%
married 5 4.1%
divorced 3 2.5%
widowed 1 0.8%

Panel C: Age

Observations Percentage

up to 20 11 9.1%
21 - 25 59 48.8%
26 - 30 29 24.0%
over 30 22 18.2%

Panel D: Nationality

Observations Percentage

United Kingdom 45 37.2%
Italy 12 9.9%
Germany 9 7.4%
China 7 5.8%
Poland 6 5.0%
other countries 42 34.7%

Panel E: Main field of studies

Observations Percentage

Politics and International Relations 14 11.6%
Economics 11 9.1%
Business Studies 10 8.3%
Modern Languages and Cultures 10 8.3%
Psychology 9 7.4%
Development Studies 9 7.4%
Humanities 9 7.4%
other subjects 49 40.5%
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Tables

Table 2: Descriptive statistics of incentivized ambiguity task 1

Panel A: Choices and switching points

Risky choices Switching point
Risky choices Observations Fraction Switching point Observations Fraction
0/10 1 0.8% 0 1 1.0%
1/10 0 0.0% 1 0 0.0%
2/10 3 2.5% 2 1 1.0%
3/10 2 1.7% 3 2 1.9%
4/10 32 26.5% 4 28 26.7%
5/10 26 21.5% 5 25 23.8%
6/10 13 10.7% 6 8 7.6%
7/10 22 18.2% 7 19 18.1%
8/10 17 14.1% 8 16 15.2%
9/10 3 2.5% 9 3 2.9%
10/10 2 1.7% 10 2 1.9%

Total 121 100.0% Total 105 100.0%

Panel B: Summary statistics

Observations Mean Standard deviation Lowest Highest

Risky choices 121 56.6% 0.18% 0% 10%
Switching point 105 5.72 1.81 0 10

The table summarizes the results of the incentivized ambiguity task 1. In panel A, the three
columns on the left report the number of situations subjects preferred drawing a ball from the
risky urn over drawing a ball from the ambiguous urn. The three columns on the right report
the switching points of the subjects. More precisely, it indicates the last urn before a subject
switched from the risky to the ambiguity urn. A switching point of 0 means that the subject
always preferred the ambiguous urn; a switching point of 10 means that the subject always
preferred the risky urn. For a detailed description of the task, see appendix A. Panel B presents
the summary statistics of the fraction of risky choices and the switching points.
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Table 3: Descriptive statistics of incentivized ambiguity task 2

Panel A: Choices and switching points

Risky choices Switching point
Risky choices Observations Fraction Switching point Observations Fraction
0/11 0 0.0% 0 0 0.0%
1/11 0 0.0% 1 0 0.0%
2/11 0 0.0% 2 2 1.7%
3/11 0 0.0% 3 8 6.9%
4/11 7 5.8% 4 27 23.3%
5/11 26 21.5% 5 48 41.4%
6/11 50 41.3% 6 25 21.6%
7/11 28 23.1% 7 6 5.2%
8/11 8 6.6% 8 0 0.0%
9 /11 2 1.7% 9 0 0.0%
10/11 0 0.0% 10 0 0.0%
11/11 0 0.0% 11 0 0.0%

Total 121 100.0% Total 105 100.0%

Panel B: Summary statistics

Observations Mean Standard deviation Lowest Highest

Risky choices 121 55.3% 0.10% 36.4% 81.8%
Switching point 116 4.90 1.04 2 7

The table summarizes the results of incentivized ambiguity task 2. In panel A, the three columns
on the left report the number of situations subjects preferred drawing a ball from the risky urn
over drawing a ball from the ambiguous urn. The three columns on the right report the switching
points of the subjects. More precisely, it indicates the last urn before a subject switched from the
ambiguous to the risky urn. A switching point of 0 means that the subject always preferred the
risky urn; a switching point of 11 means that the subject always preferred the ambiguous urn.
For a detailed description of the task, see appendix A. Panel B presents the summary statistics
of the fraction of risky choices and the switching points.
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Table 4: Descriptive statistics of the non-incentivized thought experiments

Panel A: Ellsberg (1961) urn

Observations Fraction

Strong preference for ambiguous urn 12 9.9%
Slight preference for ambiguous urn 22 18.2%
Indifferent between both urns 10 8.3%
Slight preference for risky urn 40 33.1%
Strong preference for risky urn 37 30.6%

Total 121 100.0%

Panel B: Horse betting

Observations Fraction

Preference for ambiguous horse bet 48 38.7%
Preference for risky horse bet 73 60.3%

Total 121 100.0%

Mean Standard deviation

Risk equivalent for ambiguous horse bet 30.7% 5.4%

Panel C: Complementary temperature bets

Mean Standard deviation

Combined willingness to pay (London, in GBP) 34.49 31.31
Combined willingness to pay (Vancouver, in GBP) 27.52 27.76
Absolute ambiguity premium (in GBP) 6.97 15.89
Relative ambiguity premium 13.5% 53.4%

Panel D: Dynamic Ellsberg urn
Risk equivalent Observations Fraction
2.5% 1 0.8%
12.5% 4 3.3%
22.5% 5 4.1%
27.5% 5 4.1%
32.5% 11 9.1%
37.5% 25 20.7%
42.5% 6 5.0%
47.5% 20 16.5%
52.5% 27 22.3%
57.5% 10 8.3%
62.5% 1 0.8%
67.5% 2 1.7%
72.5% 2 1.7%
77.5% 1 0.8%
95% 1 0.8%

Total 121 100.0%

Mean Standard deviation

Risk equivalent 43.9% 13.8%

The table summarizes the results of the four non-incentivized thought experiments. For a detailed
description of the thought experiments, see appendix B.
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Table 6: Individual consistency across elicitation methods

Panel A: Classification in ambiguity seeking/averse decision makers

Ambiguity measures Consistent Difference to Test of
preferences random preferences association

Task 1 / Task 2 68.6% 18.6%∗∗∗ **
Task 1 / horse bet 60.0% 10.0%∗

Task 1 / dynamic Ellsberg urn 64.8% 14.8%∗∗∗ **
Task 2 / horse bet 58.6% 8.6%∗

Task 2 / dynamic Ellsberg urn 69.8% 19.8%∗∗∗ ***
Horse bet / dynamic Ellsberg urn 57.0% 7.0%

Panel B: Classification in ambiguity seeking/neutral/averse decision makers

Ambiguity measures Consistent Difference to Test of
preferences random preferences association

Task 1 / task 2 53.9% 20.6%∗∗∗

Task 1 / static Ellsberg urn 45.7% 12.4%∗∗∗ **
Task 1 / horse bet 40.0% 6.7% **
Task 1 / ambiguity premium 30.5% −2.9%
Task 1 / dynamic Ellsberg urn 54.3% 21.0%∗∗∗ **
Task 2 / static Ellsberg urn 35.3% 2.0%
Task 2 / horse bet 39.7% 6.3%
Task 2 / ambiguity premium 35.3% 2.0%
Task 2 / dynamic Ellsberg urn 52.6% 19.3%∗∗∗ ***
Static Ellsberg urn / horse bet 33.1% −0.3% *
Static Ellsberg urn / ambiguity premium 47.9% 14.6%∗∗∗

Static Ellsberg urn / dynamic Ellsberg urn 60.3% 27.0%∗∗∗ ***
Horse bet / ambiguity premium 33.9% 0.6%
Horse bet / dynamic Ellsberg urn 35.5% 2.2%
Ambiguity premium / dynamic Ellsberg urn 37.2% 3.9%

The table summarizes the individual consistency of ambiguity preferences across the various elic-
itation methods. Panel A presents the average consistency based on a binary classification that
distinguishes between ambiguity seeking and ambiguity averse decision makers; panel B present
the average consistency based on a classification into three groups, including ambiguity neutrality.
Since the Ellsberg thought experiment and the complementary temperature bets explicitly allow
for ambiguity neutrality, these tasks have been excluded from panel A. The first column presents
for each pair of elicitation methods the fraction of individually consistent preferences, i.e., the
fraction of subjects that exhibit the same ambiguity attitude for two given elicitation methods.
The second column presents the difference of consistency compared to random preferences which
equal 50% in the binary classification and 33.3% when using three categories. The last column
shows the statistical significance of a Fisher (1922) test of association between each pair of am-
biguity measures. *, **, and *** denote statistical significance at the 10%, 5%, and 1% level,
respectively.
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Table 9: Predicting experimental ambiguity preferences with thought experiments

Explanatory variables (1) (2) (3) (4) (5)

Ellsberg urn 0.026∗∗∗ 0.026∗∗∗ 0.026∗∗∗ 0.026∗∗∗ 0.026∗∗∗

(3.45) (3.59) (3.56) (3.55) (2.96)
Horse betting (risk equivalent) 0.004∗∗ 0.003∗ 0.003∗ 0.003∗

(2.33) (1.77) (1.74) (1.72)
Horse betting (preference) 0.023 0.023 0.023

(1.04) (1.04) (0.99)
Relative ambiguity premium 0.004 0.004

(0.22) (0.22)
Dynamic Ellsberg urn 0.000

(0.06)

R2 0.1062 0.1526 0.1618 0.1622 0.1622
adj.R2 0.0973 0.1355 0.1361 0.1276 0.1186

The table presents the regressions of the experimental ambiguity preferences (AMBs) on the preferences obtained
from the thought experiments. For a given number of predictors, only the specification with the highest adjusted
R2 is given. T-statistics are given in the parenthesis below. *, **, and *** denote statistical significance at the
10%, 5% and 1% level, respectively.

Table 8: Time consistency of ambiguity measures

Ambiguity measure Obs. Correlation p-value R2 adj.R2

Experiment 1 (fraction) 26 0.2621 0.1958 0.069 0.030
Experiment 1 (switching point) 23 0.2633 0.2248 0.069 0.025
Experiment 2 (fraction) 26 0.3285 0.1014 0.108 0.071
Experiment 2 (switching point) 26 0.3285 0.1014 0.108 0.071

Ellsberg urn 26 0.0429 0.8352 0.002 −0.040
Horse betting (preference) 26 0.3587∗ 0.0719 0.129 0.092
Horse betting (risk equivalent) 26 −0.0585 0.7764 0.003 −0.038
Absolute ambiguity premium 26 −0.1007 0.6246 0.010 −0.031
Relative ambiguity premium 26 −0.0324 0.8750 0.001 −0.041

The table presents the time consistency of the ambiguity preferences. The first two columns report the correlation
and p-value of the ambiguity measures, the last two columns the explained variance (R2 and adjusted R2) when
regressing the second observation of the ambiguity preferences on the first observation. *, **, and *** denote
statistical significance at the 10%, 5% and 1% level, respectively.
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Table 10: Correlation between survey items and experimental ambiguity preferences

Item Description Correlation p-value right sign

7 Before an examination, I feel much less anxious if I know how many −0.2121∗∗ 0.0323 yes
questions there will be.

11 Perfect balance is the essence of all good composition. 0.1380 0.1667 no
19 I would like to live for a while in a foreign country that is new to me. 0.1363 0.1718 yes
32 I enjoy unexpected events. 0.1436 0.1500 yes
33 The idea of taking a trip to a new country fascinates me. 0.1660∗ 0.0954 yes
38 I try to avoid situations that are ambiguous. −0.1358 0.1735 yes
45 When a situation is uncertain, I never take action until I know all the −0.1523 0.1264 yes

risks involved.

The table presents all correlations between survey questionnaire items and experimental ambiguity preferences
(AMBs) for which the correlation is significant at the 20% level.

Table 11: Predicting experimental ambiguity preferences

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

Ellsberg urn 0.026∗∗∗ 0.026∗∗∗ 0.028∗∗∗ 0.028∗∗∗ 0.028∗∗∗ 0.026∗∗∗

(3.45) (3.59) (3.81) (3.83) (3.86) (3.54)
Horse betting (risk equivalent) 0.004∗∗ 0.005∗∗∗ 0.005∗∗∗ 0.005∗∗∗ 0.005∗∗∗

(2.33) (2.65) (2.67) (2.77) (2.65)
Survey item (45) −0.012∗∗ −0.010∗ −0.010∗ −0.008

(−2.25) (−1.90) (−1.65) (−1.36)
Survey item (33) 0.013 0.011 0.011

(1.53) (1.28) (1.29)
Survey item (38) −0.008 −0.008

(−1.16) (−1.18)
Survey item (7) −0.006

(−1.07)

R2 0.1062 0.1526 0.1941 0.2130 0.2240 0.2333
adj.R2 0.0973 0.1355 0.1694 0.1806 0.1835 0.1849

The table presents the regressions of the experimental ambiguity preferences (AMBs) on the preferences obtained
from the thought experiments and the survey questionnaire. For a given number of predictors, only the specification
with the highest adjusted R2 is given. T-statistics are given in the parenthesis below. *, **, and *** denote
statistical significance at the 10%, 5% and 1% level, respectively.


