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Abstract

This paper experimentally investigates individual information acquisition and decisions
in ambiguous situations in which the degree of ambiguity can endogenously and
individually be decreased by the subjects. In particular, I analyze how risk aversion,
ambiguity attitude and personality traits are related to an individual’s information
acquisition prior to a decision and to the decision itself based on this information. I
focus on urn decisions and conduct treatments that consider the loss and gain domain
separately and that vary the amount of available information and the probabilistic
structure. I find that risk and ambiguity aversion affect the information acquisition but
are less influential for the decisions between two ambiguous urns according to several
heuristics. In contrast, personality traits and an individual’s primary decision type turn
out to have an impact on both information acquisition and decisions. I observe that
under this study’s presentation format the reflection effect is reversed for negative and
positive payoffs in low probability treatments compared to corresponding results under
a descriptive presentation format.
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1. INTRODUCTION

The decision of individuals between uncertain pecsp depends on the degree of uncertainty they face
and thus on whether the decision has to be mader uistk or ambiguity. Experimental studies typigall
consider these two types of uncertainty separatty.the one hand, decisions under risk are mostly
derived from a descriptive presentation of the pbilities, such as from tables that contain a et o
possible outcomes and the objective probabilities telate to those outcomes. On the other hand{ mo
of the literature on ambiguity relates to urn diecis with an unknown probability structure (seg..e.
Trautmann & van de Kuilen, forthcoming). Howevére degree of ambiguity is fixed in most studies and
the literature lacks evidence about how individuzéhave when the ambiguity about probabilities can
endogenously be decreased and they have the atglitgarn the objective probability structure of
uncertain events prior to decision making.

My first research question addresses an individuaiformation acquisition in ambiguous decision
situations. In particular, | analyze the behavibimgividuals who have been given the opportunay t
reduce the degree of ambiguity by obtaining infdiamaabout the objective probability structure of
uncertain prospects. Furthermore, | investigate ldividuals’ information acquisition is related to
measures of risk and ambiguity attitudes elicitéith wurrently used standard procedures in theditee.
Since recent studies document the importance clopetity traits with regard to individuals’ econami
decisions (see, e.g., Becker et al., 2012; Borgha#nal., 2008), | also investigate whether the five
dimensions of personality of the “Big Five” thedrgve explanatory power.

There is experimental and empirical evidence tmalividuals update their beliefs when they are
confronted with new information (see, e.g., Baillethal., 2013; Hamermesh, 1985; Smith et al., 2001)
however, it is also well documented that they amng to biases like under- and overconfidence {i@rif

& Tversky, 1992), conservatism (Phillips & Edward966), availability (Tversky & Kahneman, 1973),
and representativeness (Kahneman & Tversky, 19&refore, several heuristic decision models are
suggested in order to account for these biaseséspe Thorngate, 1980). The second question asede

in this paper is how well decisions that dependuwrindividual’'s acquired amount of information daa

predicted by different heuristics. | investigatee thriving factors of decision making under these



conditions and which of them only affect informatiacquisition prior to the decision. Moreover, |
compare the decisions under ambiguity to those unidk and investigate whether the presentation
format of the probabilities has an impact on them.

In order to answer these research questions, thiecs are presented with two urns and asked timeec
from which they like to draw a random marble. Thiasuare displayed on a computer screen and each
marble is depicted. The subjects win or lose aagegayoff if a blue marble is drawn and nothing ifed
marble is drawn. The marbles are initially coverElde subjects know that each urn consists of bhade a
red marbles, but do not know the composition of tike urns. Thus, the probabilities are completely
ambiguous. Prior to their decision, the subjects alowed to uncover as many marbles as they want
without any financial cost or time limit. In ordew compare the decisions under ambiguity and fisk,
include a control group which is subjected to thentical experiment except for the fact that aé# th
marbles are visible and all the decisions are nuadker risk rather than ambiguity. To elicit the jegks’
risk aversion, | use a standard test proceduredb@sé-Holt and Laury (2002) and include a test based
Halevy (2007) for eliciting the ambiguity attitudéhe experiment also includes a 15-item questimana
based on Gerlitz and Schupp (2005), which take$BhgeFive” personality traits into consideration.

The results show that ambiguity attitude and riskrsion drive information acquisition but are less
influential for the decision itself according toumistics; the exception to this are decisions withard to
the expected payoff based on the individually drasample. | find that personality traits have
explanatory power beyond the risk and ambiguitituaté for acquiring information as well as for the
subjects’ decisions. Moreover, the results showl@we of a reflection efféaunder risk as well as under
ambiguity because the subjects’ preferences ingdia domain mirror their preferences in the loss

domain.

The remainder of this paper is organized as folloM theoretical background is presented in se@io
| describe my experimental design and applied nuethogy in section 3. Section 4 presents the resfilts

the study, which are discussed in section 5 anddhelusion is given in section 6.

1 See Kahneman and Tversky (1979).



2. THEORY AND PREDICTIONS

Prior research shows that the presentation forrsatl for a decision problem is crucial in terms of
individuals’ risk taking and reasoning in uncertaituations (Hau et al., 2008; Gigerenzer & Hof&rag
1995; Tversky & Kahneman, 1981). Specifically, #shbeen found that individuals areersensitiveo
rare events when they learn objective probabilifiesn a description (see. e.g., Kahneman & Tversky,
1979; Tversky & Kahneman, 1992), e.g., from talitest contain a set of possible outcomes and the
probability of their occurrence. In contrast, psylcgical studies show that individualederweightrare
events when they “learn from experience” (Hau gt2008; Hertwig et al., 2004; Barron & Erev, 2003)
Learning from experience is similar to a repeatedvdfrom an urn with replacement because the stejec
have to infer the probabilities from their obseiwas. Thus, the information about probabilitiesnist
presented in a description but rather “experiencdtiiis implies that individuals caneverlearn the
objective probabilities and reduce ambiguity cortgdie however, they are able to decrease the degree
ambiguity and improve the accuracy of their suliyety assigned probabilities by drawing larger
samples. The results of existing studies usualbyvsh gap between decisions from description angetho
from experience (see, e.g., Rakow & Newell, 201@u ket al., 2010; Hertwig, 2012), which can be
explained in part by sampling errors (see, e.gu étaal., 2010). These errors occur because theanc

of probabilities is lower for smaller sample sizas,described above. Sample size is found to b# Bma
studies investigating learning from experience ekample, Hertwig et al. (2004) document a samigke s
of 15 and Hau et al. (2008) a sample size of 1& dau et al., 2010, for a discussion and overview).
However, there is also evidence supporting the et the gap cannot solely be explained by samplin
errors (see, e.g., Hau et al., 2008igemach et al., 2009). For instance, Kareev €1887) find subjects’
predictions based on smaller samples to be moreratec Another factor that influences decisions in
uncertain situations is individuals’ limited cogmé processing capability (see, e.g., Kahneman31L97

It is unknown how sampling errors and cognitive gassing capability influence the behavior of
individuals if they are able to learn thbjectiveprobabilities by acquiring information prior tadacision

in an experimental settingithout replacement. In other words, the literature lagkislence considering

situations in which individuals are able to “exgerie” the objective probabilities and in which thei



decisions are not affected by limited working meynompacities and recency effectsbecause the
acquired information remains accessible. A relagadstion is how subjects weight small probabilities

and whether their weighting is different for gaarsd losses under these conditions.

Risk and ambiguity attitudes are known to affedtisiens that have an unknown probabilistic struetur
(e.g., Trautmann & van de Kuilen, forthcoming). th@ermore, an individual’'s personality traits hal&na
been found to be related to economic decisions ésge Borghans et al., 2008). There is recertende

by Becker et al. (2012) that an individual's peladwg traits and economic preferences are only Weak
associated. The study finds these two concepts twmplementary and that personality traits are &bl
explain an individual’'s economic behavior as welbhwever, we do not know whether the impact of the
measures that are usually used to derive the w@icrtattitudes and personality traits regarding
decisions persist if individuals can acquire infation about the probabilistic structure of a praoblerior

to their decision. | investigate whether thosetwdis affect the information acquisition procesd an
whether their influence on the actual decision ipeyaunder these conditions. Furthermore, it igiarip
unknown whether the information acquisition procasd decisions are affected by the same personality
traits and if they are affected in a different igythe same trait. Table 1 contains the definitiohthe

“Big Five” personality traits that are includedthre experiment.

2 See, e.g., Cowen et al. (2001).
% See, e.g., Hertwig et al. (2004) and Hau et 1.



Table 1 Definitions of the “Big Five” personality traits
Personality trait American Psychological Associatitictionary definition

Neuroticism A chronic level of emotional instahjland proneness to psychological distress

An orientation of one’s interests and energies tovtiae outer world of people
Extraversion and things rather than the inner world of subjectxperience; includes the
qualities of being outgoing, gregarious, sociable] openly expressive

Individual differences in the tendency to be openédw aesthetic, cultural, and

Openness . .
intellectual experiences

The tendency to act in a cooperative, unselfishmagrocated at one end of a

Agreeableness dimension of individual differences (agreeablenessus disagreeableness)

The tendency to be organized, responsible, anduuaikihg; located at one end
Conscientiousness of a dimension of individual differences (consciensness versus lack of
direction)
Note: The table is reproduced from Becker et &12) and based on Borghans et al. (2008).

There is evidence that subjects make their deasimnapplying several heuristics and rule of thumb
rather than applying particular models (see, &ghneman & Tversky, 1974; Gigerenzer & Todd, 1999).
Therefore, | consider five possible heuristics fbis experimental framework (see Table 2 for an
overview). The heuristics take the possible payoffsan uncertain prospect and their corresponding
probabilities into account. First, it seems reabts&o assume that subjects follow heuristics thatis

on the possible payoffs resulting from a decisietween two uncertain prospects and that they liyitia
ignore the related probabilities. Subjects chobseprospect with the highest payoff that is possibl
their objective is to maximize their potential ggdiMaximax). In contrast, if they want to limit thei
potential loss, subjects choose the prospect Wétsiallest possible loss (Minimax). Only if thghgst
(Maximax) or worst (Minimax) payoff that is posslk equal for both prospects, do the subjectsttake
probabilities into account. They choose the prosfacwhich the respective payoff is observed most
frequently based on their sample. Furthermores ialso possible to apply dual heuristics where both
possible payoffs and probabilities are consideltecin be assumed that subjects choose the progpect
which the highest payoff most frequently occurghiair sample (Most Likely) or the one for which the
worst payoff is least frequently observed (Leasely). Finally, subjects could decide accordinghe
highest expected payoff. Since there is evidenaeitidividuals ignore sample size (see, e.g., @riff

Tversky, 1992), the heuristic that | consider asssithat subjects decide in favor of the higher etquk



payoff and ignore the sample size. This meansttiet decide on the basis of the information acaglire

and ignore the information that is not known (EP).

Table 2 Heuristics

Heuristic Description

Maximax 1) Choose the prospect with the highest possikile ga

(Max) 2) If the highest payoff is equal for both prosgeathoose the one with the
highest probability for the high payoff

Minimax 1) Choose the prospect with the smallest possilsi |

(Min) 2) If the smallest loss is equal for both prospetiti®ose the one with the highest
probability for the smallest loss

Most Likely 1) Determine the highest observed payoff for eacksect

(ML) 2) Choose the prospect with the highest sampleghibity for the high payoff

Least Likely 1) Determine the worst observed payoff for eactspect

(LL) 2) Choose the prospect with the lowest sample fittyafor the worse payoff

Expected Payoff ~ Choose the prospect with the highest expected pagsid on the probabilities
(EP) from the individual sample

Note: For Maximax, Minimax, Most Likely, and Ledskely see, e.g., Thorngate (1980).

| predict that subjects classified as neurotic trode who are ambiguity-averse request more infooma
than others. These subjects are predicted to chmose often in order to minimize their potentiado
and to decide in line with the Minimax or Least ¢l heuristic. Moreover, | predict that conscienso
subjects acquire more information and more frequetgcide according to the expected payoff hewristi
(EP). Personality traits are predicted to have angtory power for information acquisition and the
decision itself beyond the measures of risk andiguitly attitude. | predict that the sample sizéigher
than in studies addressing learning from experiesinee the decision process is not limited by wagki

memory capacities.

3. EXPERIMENTAL DESIGN

The experiment consists of four parts: The repedammision between two urns, the measurement of the

subjects’ ambiguity attitudes, the risk aversiostdeand a questionnaire considering the “Big Five”



personality traits in the appendix. Finally, thebjsets answer questions about their personal and
educational background. My research questions mreqimparing the attitudes towards uncertainty and
personality traits with regard to the decision bk tsubjects in the main part between-subjects.
Furthermore, | analyze how each subject respond$fidovarious treatments of the decision problem
depending on these measures by using a within-sisbfgesign that requires the subjects to decide

repeatedly between two urns.

Decisions under risk and ambiguity

The main part involves eight decisions between twts. The subjects have to decide if they want to
draw a random marble from Urn 1 or Urn 2. They winlose a particular amount if a blue marble is

drawn and never receive anything if a red marbldreavn. Each urn is represented on the computer

screen by a matrix of covered cells as depictdedare 1.

Figure 1 Screenshot of a decision situation in the main pfatthie experiment

URNE 1 AUSZAHLUNG: Blau: (Gewinn) 4 € Rot:0€ URNE 2 AUSZAHLUNG: Blau: (Gewinn) 3 € Rot0€

@@
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Blaue Kugeln: 12 Blaue Kugeln: 4
Rote Kugeln 2 Rote Kugeln 0

Ihre Entscheidung:  Ume1
" Ume 2

5]

The subjects are informed that each urn may conlthie and red marbles but not about their
distributions. Thus, the probability structure mmpletely ambiguous when subjects enter the decisio
situation. Prior to their decision, subjects arevee¢d to acquire information about the proportidn o

marbles in each of the two urns by clicking on tledls that represent the contents of the specific u
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Once a cell is uncovered, the blue or red marbdéh@vn. To prevent any biases related to the orged
marbles within an urn, the order is randomizeddach subject. The subjects are free to reveal ay ma
marbles as they want and in any order they wislerdlare no financial costs or time limits for rdirega

the marbles. In addition, they have the opportutitycount the number of unrevealed red and blue
marbles in each urn automatically by using the esponding buttons located directly under the
respective urns. The payoffs are displayed aboee uitms and the subjects are allowed to use an
integrated calculator. Thus, in an extreme cageexperimental design allows the initial situatadriotal
ambiguity to be turned into a decision under risk revealing all the marbles. The experimental
framework is distinguished from the descriptiveaas| as the experience-based format: The probedslit
are not described in tables but rather representtde: form of marbles and the design takes the fof a

draw without replacement.

In order to answer the research questions, theestsbiare faced with eight decisidriis which the urns
are distinguished by three characteristics. Ini@adr, | vary (i) the amount of available inforriwat by
varying the number of marbles, (ii) the proportiasfsred and blue marbles and thus the probability
structure, and (iii) the payoffs by considering tbgs and gain domain separately. For each of tineee
characteristics, | employ two variations while tther two characteristics are held constant. Tthes,
main part of the experiment uses a 2x2x2 desigresponding to eight treatments, which is explaimed
more detail in the following (Table 3 shows an avew).

There are no financial costs or time limits, bué timnformation acquisition process involves effort.
Therefore, the ratio of uncovered marbles mightrekese for urns that contain more marbles. In ci@er
check whether the amount of information, i.e., tb&al number of marbles, affects the information
acquisition process and decisions, half of thediegitasks deal with 40 marbles and the other vaidiif

80 marbles in each urn. As Table 3 shows, the tatahber of marbles is always equal for both urns

within a particular decision task. Thus, theretaeatments with 80 and 160 cells in total.

4 Probabilities in the decision problems are chosiemilar to those in Kahneman and Tversky (1979) pridr
studies in psychology (e.g., Hau et al., 2008; Wigrtet al., 2004) that adapt them in order to comphe results.
However, they have been modified slightly for thegmses of this study.

11



| consider the gain and the loss domain separakblgte are four treatments in which subjects casé
between two urns, each yielding a negative payoffiathing. The four treatments that investigate the
subjects’ behavior in the gain domain contain pafrarns that yield either a positive payoff or miog.
The subjects face the same decisions for negatidepasitive payoffs with regard to the probability
structure. As the prospect theory suggests, thisidas are likely to be different depending on wieeta
loss or gain is at stake. It is not clear whether information acquisition is also affected undss t
experimental design, however, it seems reasonhhblethie subjects would show more effort in order to
avoid losses and increase the size of their sample.

Lastly, | vary the proportion of marbles and thias probabilities of receiving the various payoffeere
are two different sets of probabilities: The fingtferred to as “High,” considers probabilities meaand
equal to one. Urn 2, the one with the smaller ggldR 3.00) or smaller loss (EUR -3.00), containk/on
blue marbles and thus the respective payoff is ydvelifferent from zero. As can be seen from Table 3
the expected value of a random draw from Urn 2vimgs EUR 3.00 or EUR -3.00. The other urn in the
“High” probability set, Urn 1, is characterized bigher potential gains or losses of EUR 4.00 or EUR
4.00, respectively. However, the proportion of nedrbles and consequently the probability of recgjvi
or losing nothing is exactly 15 percent in thesgsuirrespective of the total number of marbles.

The expected value of Urn 1 in the gain domainU8RE3.40 and thus higher than the expected value of
Urn 2. In contrast, Urn 1 has an expected valugWR -3.40 in the loss domain. This value is belbes t
expected payoff of Urn 2 (EUR -3.00) and a risk tredusubject should choose Urn 2 under full
information.

To test whether small probabilities are underegthdn this experimental setting, the second set of
probabilities, referred to as “Low,” considers pabbities of 10 and 25 percent for receiving pagoff
different from zero. Similar to the structure oéthigh probability treatments, the urn with higlgains

or losses (Urn 1) contains more red marbles.

12



Table 3 Treatments in the urn decision part

Urn 1 Urn 2

Treatment  Marbles Prob. Payoff Pi);%ff Marbles Prob. Payoff PE\);%ff
BHP 80 0.85 4.00 3.40 80 1.00 3.00 3.00
BHN 80 0.85 -4.00 -3.40 80 1.00 -3.00 -3.00
BLP 80 0.10 4.00 0.40 80 0.25 3.00 0.75
BLN 80 0.10 -4.00 -0.40 80 0.25 -3.00 -0.75
SHP 40 0.85 4.00 3.40 40 1.00 3.00 3.00
SHN 40 0.85 -4.00 -3.40 40 1.00 -3.00 -3.00
SLP 40 0.10 4.00 0.40 40 0.25 3.00 0.75
SLN 40 0.10 -4.00 -0.40 40 0.25 -3.00 -0.75

Notes: “Marbles” denotes the total number of maglieeach urn. “Prob.” denotes for each urn thédabdity that a
blue marble is randomly drawn. “Payoff’ denotes plagoff if a blue marble is drawn. If a red marldedrawn the
payoff is always EUR 0.00. The treatments’ labeliidate the variation. “B” and “S” denotes 80 or d@rbles in
each urn, respectively. “H” and “L” denotes highddow probabilities, respectively. “P” and “N” detes positive
and negative payoffs, respectively.

All the subjects face the same decisions, but thderois changed to prevent ordering effects. In
particular, half of the subjects face the probléms reversed order. Moreover, the location ofuthes on
the screen, whether to the left or right, is randeah The subjects are not informed of the number o
decisions they will face during the sessions. Taeyonly told that they will be confronted with seat
choice situations in the first part and that theosel part of the experiment will begin after aleth
participants have completed the first part. Thiywhe experimental design avoids time pressuretiaad
incentive to maximize expected earnings per time.

In order to compare the individual’'s behavior underbiguity and risk, | run an additional sessiotthwi
full information. The control group is subjectedtte identical experiment except for the fact tthet
information in the main part, the urn decisiongjas concealed. All the marbles are already visilsiehe
screen when the subjects enter the stage anditheoeambiguity about the probabilistic structurike

in the treatment group, the subjects can counirttbles by using an integrated function.

Measurements of risk and ambiguity aversion

The subjects’ ambiguity attitude is measured witest based on Halevy (2007). The subjects arenagai

confronted with two urns containing 10 marbles ed&he urn, the risky one, contains exactly five red

13



and five blue marbles. This is known to the sulgied@the ambiguous urn also contains red and blue
marbles, but the proportion is unknown. The subjece asked to predict the color of the marble ighat
randomly drawn from each urn by the computer. Omeisirandomly chosen to be paid at the end of the
experiment. If the right color of this urn was pmsly correctly predicted, the subjects receiyeagoff

of EUR 6.00, otherwise they get nothing. Priortie payment and before the subjects know about the
selected urn and the color of the drawn marbley tiese the chance to sell each of the two betbdo t
computer. In particular, the Becker-DeGroot-Marsc(iE964) mechanism is used to elicit the subjects’
reservation prices for both urns. The computer ggase a random offer between EUR 0.00 and EUR
6.00. If the subject’s reservation price is higtiean the computer’s offer, the marble is randonmbwah

and the subject receives either EUR 0.00 or EUR.&wever, if the offer is higher than the repdrte
reservation price, the bet is sold and the subjectives the amount that is offered by the computer
instead of the reservation price. The dominantegsafor this mechanism is to truthfully report tme
reservation price. The difference between the stdjeeported reservation prices for the risky and
ambiguous urn is used as a measure of ambiguitydst If the reservation price for the risky um i
strictly higher than that for the ambiguous urrg subject is classified as ambiguity-averse. Thers a
practice session to ensure that the subjects uwodershe task (similar to Borghans et al., 200%foBe

the subjects were able to start the actual patteoexperiment, they were asked for their resesagtrice

of a 1-Euro coin. If a subject was not able to ghe right answer, the mechanism was explainechdgai

| test the subjects’ risk attitude by using a staddottery choice experiment based on Holt andryau
(2002), in which the subjects have to choose beiviee lotteries (X and Y) ten times. Lottery X has
high payoff of EUR 2.00 and a low payoff of EUR Q.&ottery Y has a high payoff of EUR 3.85 and a
low payoff of EUR 0.10. Both lotteries start withet same probabilities of 0.10 for the high pay®fie
probabilities for the high payoffs increase steadil steps of 0.10. In order to address the faat the

main task also considers decisions in the loss @grhalso use a Holt-Laury test with the same [fsyo

® This was the case only three times.

14



as losses, which is otherwise identical to the described above. That means that the subjectsosan |

EUR 2.00 or EUR 1.60 by choosing lottery X, and EBIB5 or EUR 0.10 by choosing lottery Y.

“Big Five” personality traits

I conducted the test proposed in Gerlitz and Schi@®05) in order to elicit the subjects’ personalit
traits: The Big-Five-Inventory-Shortversion (BFI;S¥hich consists of a single questionnaire with 15
items® The questionnaire contains three items for eachhef five personality traits (Neuroticism,
Extraversion, Openness, Agreeableness and Coriscienéss). The statements that consider the
personality traits can be answered by choosingnabeu from one to seven on a Likert scale, where one
represents total disagreement and seven reprdetgitagreement. Except for Openness, one of tlee th
items for each personality trait is reverted angspnts a negative statement. The number of poins f
these items is calculated by subtracting the nunatbgroints of the response from eight in order to
account for the reverted character of the statenfdnts, the total number of points for each perkiyna
trait ranges from three in case of total disagregnte 21 in the case of total agreement. The more
response points that a subject has in total, theerpmnounced the personality trait. Following @erl
and Schupp (2005), a personality trait is definedstaongly pronounced if a subject assigns a twftal

least 15 points to the statements referring togkisonality trait.

Finally, the subjects are asked to fill out a qioestaire regarding their personal and educational
background. It also contains a self-assessmentignesbout how they arrive at a decision: “On deca
from 1 to 5, would you say that you generally decgpontaneously and intuitively or rather that you
consider a decision thoroughly and ponder extehgie

All parts of the experiment except for the finalegtionnaire about the personal and educational
background are financially incentivized and paidor the urn decisions in the main part, one out of
eight decisions is randomly chosen and paid. Tlyefpaanges from EUR -4.00 to EUR 4.00. A similar
procedure applies for the other parts of the erpent in which one decision is randomly chosen dsal a

paid. The subjects receive between EUR 0.00 and &0Rin the second part of the experiment eligitin

® See Appendix E.
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the ambiguity attitudes. The payout from the Hdiky procedure with positive payoffs ranges from
EUR 0.10 to EUR 3.85 and with negative payoffs fretdR -3.85 to EUR -0.10. In addition, every
subject receives a show-up fee of EUR 4.00 and EWR for answering the “Big Five” questionnaire

which ensures that all potential losses duringetkgeriment can be covered.

When the experiment starts, the instructidios the first part are handed out and read aldadaa audio
file. The subjects are informed that all of thenl wiart the second part together. They do notivece
information about the other parts and potentialoffayin the following parts. The instructions fdret
second part are handed out and read aloud aftehellsubjects have finished part one. A similar

procedure applies for the following parts of th@erxment.

The experiment was programmed with z-tree (Fisdmigc2007) and conducted at tilUBex
Laboratory of the Ruhr-Universitdt Bochum, Germanytotal, 59 undergraduate and graduate university
students from different fields of study participht® the experiment. Of this number, 40 percentewer
students from the field of management and econorilice average age of the subjects was 24 and 41
percent were males. A total of 46 subjects toolt pathe treatment session with a covered proligbili
structure and 13 subjects in the control treatmétht full information. The average time of a sesswas
about 60 minutes and the mean payoff across aiseswas EUR 12.80. The lowest amount paid to a

subject was EUR 2.60 and the highest amount EUR0Z1.

4. RESULTS

The discussion of the results is ordered in thiefohg way: First, the results for the uncertaiatgitudes
and personality traits are present8dcond, an analysis of the subjects’ informaticquégition process is

given, followed by an investigation of their deoiss.

" The instructions are available in Appendix F
8 Includes the show-up fee of EUR 4.00.
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Uncertainty attitudes and personality traits

| find different patterns for the gain domain (HL&)d the loss domain (HLN) and observe a bimodal
distribution in the case of HLPj.e., the peaks are at measures five and eighepikg in mind that a
measure of five in HLP means already switchingfitst time at the fifth decision to the less risigtion
(lottery Y), this finding indicates that a substahpercentage of subjects are less risk averseonitrast,
switching at the eighth decision corresponds telatively high degree of risk aversion. The resshtew

a unimodal distribution function with a peak at m@@ six for HLN. | find that 47.45 percent of the
subjects are ambiguity-averse according to thepestedure based on Halevy (2087) do not find a
gender effect for risk aversion or the ambiguitjtiade.

Figure 2 gives an overview of the subjects’ perpntaits. Neuroticism is the personality tralitat is
least pronounced among the subjects, whereas Ogeiméhe most pronounced. The scale’s reliability
with regard to internal consistency, measured pn8ach’s Alpha, is comparable to the results fooyd

Gerlitz and Schupp (2005%).

Figure 2 Personality traits pronounced
0.70 ~

0.60 -

: 0.51

0.50 -

0.40 - 0.36

0.30 -

0.20 -

0.10 -

0.00 - . T . T .

N E [®] A C

Notes: Figure 2 shows the percentage in decimalbewsnof subjects for whom the respective persgontdtt is
pronounced. “N”, “E”, “O”, “A”, and “C” are binaryvariables for Neuroticism, Extraversion, Openness,
Agreeableness, and Conscientiousness, respectaralyequal to one if the respective personality isdound to be
pronounced; zero otherwise.

® See Figures 7 and 8 in Appendix A.

10 see Figure 9 in Appendix B.

1| find the following values for Cronbach’s Alphideuroticism (0.60), Extraversion (0.63), Opennésgl(),
Agreeableness (0.50) and Conscientiousness (0.68).
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Table 4 shows the Spearman correlation structupefonality traits and measures of risk aversiwh a
ambiguity attitude. The mean measure of risk aversih the gain domain is 6.40. This is above the
corresponding value in the loss domain (6.06), Whidicates that, on average, subjects are leks ris
averse in the loss domain given the same probgabiiiticture. The mean comparison with a two sample
t-test under the assumption of a normal distribusbows no significant difference and the correfati
between HLP and HLN is 0.30 (p = 0.002).

The raw correlation between risk aversion and anityigattitude is positive (0.16) and significant £p
0.002) using the Holt-Laury procedure in the gaomdin. The results also show a positive correlation
(0.06) between the ambiguity attitude and risk sieer using HLN. However, this correlation is not

significant (p = 0.601).

Table 4 Spearman correlation structure between persoradity and uncertainty attitudes

N E ®) A C Amb HLP HLN
N 1.00
E -0.31%** 1.00
O 0.10* 0.08* 1.00
A -0.04 0.13¥*  0.13** 1.00
C -0.05 0.27**  0.28"*  0.39*** 1.00
Amb -0.18*** 0.03 0.26*** 0.21%** -0.01 1.00
HLP -0.11*  -0.21%* 0.00 0.21% -0.04 0.16%+*
HLN -0.11*  -0.28%** -0.01 0.03 -0.06 0.06 0.30*+*
DT 0.11* -0.04 0.01 0.23**  0.15%* 0.01 -0.12** -0.0

Notes: “HLP” and “HLN" denotes measures from thelttimd Laury (2002) test considering positive pé&yand
negative payoffs, respectively. “Amb” denotes measudrom the Halevy (2007) test procedure. “DThales the
answers of the self-assessment question considérindecision type. “N”, “E”, “O”, “A”, and “C” arecategorical
variables for Neuroticism, Extraversion, Openndggeeableness, and Conscientiousness. *, **, arfdd&notes
significance at the 10%, 5%, 1% level, respectively

Information acquisition

Depending on the treatment, the subjects are ablm¢over a total of 80 or 160 cells representhng t
marbles in Urn 1 and Urn 2. Figure 3 shows how ttital humber of marbles uncovered is divided
between Urn 1 and Urn 2, and Figure 4 shows theageeof marbles uncovered for each treatment up to

the final decision.
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Figure 3 Division of total marbles uncovered between Urmd &rn 2

BHN BHP BLN
50.42% 49.58% 49.55% 50.45% 50.2% 49.8%
BLP SHN SHP
48.4% | 51.6% 47.78% 52.22% 47.2% | 52 8%

SLN SLP
48.6% ' 51.4% 48.69% 51.31%
umnl Urn 2

Figure 4 Percentage of total marbles uncovered dependirigeatment

BHN BHP BLN
31.43%
48.02% 51.98% 40-06% 59 44%
68.57% Y °
BLP SHN SHP
13.21%
37.67% ’ 31.03%4
62.33% 68.97%
86.79% 4
SLN SLP
21.29% 25.18%
78.71% 74.82%
Marbles uncovered Marbles covered

Notes: Figure 4 shows the percentage of marbleswened for each treatment until subject’s
decision is made. “Marbles covered” denotes thegrgage of marbles that was left covered.
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As can be seen in Figure 3, the percentage of tmables uncovered between the urns is almost égual
all the treatments. | do not observe a significdifference between the urns in terms of information
acquisition within a treatment or between treatrméttest, p > 0.1). The results indicate thatshiejects
reduce ambiguity to the same extent irrespectivatadther the payoffs are positive or negative athef
underlying probability structure.

The average of total marbles uncovered in both aongss all treatments amounts to 79.01 marbles. Th
only significant difference that could be obseniedetween the large and small amounts of available
information. In particular, on average, the sulgeghcover 79.34 percent of all the marbles (63.47
marbles) in the treatments with small urns and S¢drcent (94.64 marbles) in the large urn treatsmen
It seems that the more information that is avadalthe more information that is acquired in absolut
terms, although the number of marbles uncoverededses for larger urns in relative terms. | do not
observe that the subjects acquire more informatiotihe loss domain in general or find an effecthwit
regard to different probability structures. Fixeffeets panel regressions with the percentage of
uncovered marbles in both urns as dependent vasiahlpport these findings as shown in Table 5. The
binary variables for loss and high probability treants have no significant effect on the amount of
information acquisition in all models. At least tfiest finding is surprising and in contradictioa the
expectation that subjects show more effort by iasirey their sample in order to avoid losses. Howeve
the binary variable for large urns is significabttee one percent level and confirms that the nunolbe
uncovered marbles decreases with the amount ofnirafilon available in relative terms. Risk as well a
ambiguity aversion increases the search for inftionasignificantly. As it turns out, ambiguity awéon
increases the request for information more thak agersion. The results show that the interaction
between risk and ambiguity aversion is negative sigdificant at the one percent level in all models
This finding indicates that the subjects ask faslinformation if they are both highly risk-aveiamed

ambiguity-averse.
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Table 5Panel regression models with fixed effects

(1) (2) (3) (4) (5)
Marbles Beta Beta Beta Beta Beta
Large -0.19%** - -0.20*** - -
Loss 0.47 - 0.05 - -
HighProb -0.04 - -0.04 - -
Risk (HLP/HLN) 0.66%** 0.06*** 0.06*** 0.06*** 0.02
Amb 0.29*** 0.30%*** 0.30%*** 0.27*** 0.35%**
Risk x Amb -0.02%** -0.03*** -0.03*** -0.02%** -0.02%**
N - 0.0¢ 0.06 0.0¢ 0.04
E - -0.0t -0.05 -0.02 -0.11*
(@] - -0.12%** -0.12%** -0.12** -0.09
A - 0.23%** 0.23%** 0.23%** 0.30***
C - -0.01 -0.01 0.0c -0.0t
DT 0.08*** 0.07**=* 0.07*** 0.07* 0.09*=
Female -0.02 -0.0¢€ -0.06 -0.01 -0.08
Age 0.01 0.0cC 0.00 0.01 0.0c
Stat -0.03 -0.08** -0.08** -0.0¢ -0.10
Order -0.06 -0.0t -0.05 -0.02 -0.10
Constant 0.28 0.23 0.38** -0.05 098***
Observations 368 368 368 184 184
Adj. R? 0.30 0.35 0.31 0.28 0.29

Notes: Table 5 shows the beta coefficients of paegiessions (stage fixed). The dependent varidebles”
denotes the percentage of marbles uncovered. “HiytiP‘Loss”, and “Large” are binary variables eftmone if
the treatment considers high probabilities, the ldsmain, or large urns, respectively; zero otheewiRisk” and
“Amb” denote risk and ambiguity aversion and “RiskAmb” denotes the interaction of both variableRisk”
corresponds to the Holt-Laury measure in the gaimain in models (1)-(4) and in the loss domain iodsi (5).
“N”, “E”, “O", “A”, and “C” are binary variables fo Neuroticism, Extraversion, Openness, Agreeabknasd
Conscientiousness, equal to one if the personadify is pronounced; zero otherwise. “DT” denoties &nswers of
the self-assessment question considering the dedigpe. “Female” and “Age” denote gender and dggubjects,
respectively. “Stat” is a binary variable equaldioe if the subject has taken a statistics course mtherwise.
“Order” controls for ordering effects. *, **, and*denote significance at the 10%, 5%, 1% level.

Models (4) and (5) consider the gain and loss dorsaparately. In model (5), | use the measures from
the Holt-Laury procedure considering negative piy@HLN) to control for risk aversion and for the
interaction term between ambiguity attitude an#l a@sersion. The results change only slightly, hosvev
the risk measure elicited with the HLN proceduren@ significant. Model (4) shows a positive and
significant effect of risk aversion measures omiinfation acquisition by considering only the treamnts
with positive payoffs and using HLP to control f@sk aversion.

I do not find a gender effect on information acgigs. The variable “DT” denotes the results of gedf-
assessment question about the subjects’ decigien(iptuitive vs. deliberate) on a scale from améve,

where “one” means very intuitive and “five” meanery deliberate. The coefficient is positive and
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significant at the one percent level indicatingttBabjects who consider themselves more deliberate
decision makers request more information. Thisotffersists when | control for their personalitgitis

in models (2) to (5).

| find the coefficients of the Openness and Agrésradss variables to be significant at the one merce
level. Subjects, in whom Openness is more pronayrsfeow less willingness to ask for information but
the amount of acquired information is increasechificantly if Agreeableness is more pronounced. In
contrast to my prediction, conscientious subjecsdt uncover more marbles. The coefficient is not
significant in models (2) to (5). Thus, | find thato of the “Big Five” personality traits, Agreealless
and Openness, have explanatory power for an ingéVisl information acquisition process under
ambiguity beyond the risk and ambiguity measurestddver, the explanatory power of those personality

traits is robust against the inclusion of the imatldc variables for the treatments (see model (3)).

Decisions

| start with the analyses of the subjects’ decisimith regard to Urn 1 and Urn 2. Figure 5 and &bl
contain the results for each treatment. The finslidgcument a reflection effétty showing that the
subjects’ preferences for the urns are reverseddims and losses.

In the loss domain, the majority of the subjectsfgr Urn 1 with payoffs of EUR -4.00 or EUR 0.00
across all treatments, irrespective of the proligtstructure and information available, i.e., #iee of
the urns. This is true for the treatment and comroup, nevertheless the decisions obviously depmen
whether they are made under risk or ambiguity: $hijects in the control group choose Urn 1 more
often in the high probability treatments BHN andN§Halthough this urn has a lower expected payoff
(EUR -3.40) than Urn 2 (EUR -3.00). However, | ofihd a significant difference between treatmerd an
control group for treatment BHN (Chip = 0.032), not for SHN (Chip = 0.143) as shown in Table 6.
The difference between the treatment and controugris not significant in the low probability
treatments (BLN and SLN). The worst payoff in UrgELUR -4.00) is lower than in Urn 2 (EUR -3.00),

but Urn 1 has a higher expected payoff (EUR -0#@n Urn 2 (EUR -0.75). The fact that subjects

12 5ee Kahneman and Tversky (1979).
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choose more often Urn 1 indicates that they deridavor of the urn with higher expected payoff but
also choose the riskier urn in the case of raratsve

With regard to decisions in the gain domain, thigiects show preferences that are reversed. Thégrpre
Urn 2 with a payoff of EUR 3.00 or EUR 0.00. Thirscontrast to the decisions in the loss domaie, th
subjects avoid gambling for the higher payoff pnefig a sure payoff of EUR 3.00. This is particljar
obvious if one compares the decisions under riskgatments BHN and BHP, which are exactly the
opposite: In treatment BHN, 92.31 percent of thkjestts choose Urn 1; and in treatment BHP, 92.31
choose Urn 2. Furthermore, the kind of uncertagggms to be important for the decisions, although |
only observe a significant difference between thetiol and treatment group in treatment BHP {Opi=

0.074).

Figure 5 Decisions between Urn 1 and Urn 2 in treatments

BHN, A BHN, C BHP, A BHP, C
7.692% 7.692%
39.13% 32.61%
60.87% 67.39%
92.31% 92.31%
BLN, A BLN, C BLP, A BLP, C
11.29% 15.38% 23.33% 15.38%
88.71% 84.62% 76.67% 84.62%
SHN, A SHN, C SHP, A SHP, C
23.08% -y
45.65% £ 350, k570, 46.15% g3 geo,
76.92%

SLN, A SLN, C SLP, A SLP, C
20% 23.08% 16.13% 23.08%
80% 76.92% 83.87% 76.92%

urnl urn 2
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Table 6 Decisions between Urn 1 and Urn 2 in treatments

Percentage
Urn 1 Um 2 choosing Urn 1
Exp. Exp. .
Prob. Payoff Payoff Prob. Payoff Payoff A C Diff p

BHP 0.85 4.00 3.40 1.00 3.00 3.00 32.61 7.69 2492 0.074
BHN 0.85 -4.00 -3.40 1.00 -3.00 -3.00 60.87 92.31 -31.44 0.032
BLP 0.10 4.00 0.40 0.25 3.00 0.75 23.33 15.38 7.95 0.556
BLN 0.10 -4.00 -0.40 0.25 -3.00 -0.75 88.71 84.62 4.09 0.680
SHP 0.85 4.00 3.40 1.00 3.00 3.00 41.30 53.85 -12.55 0.421
SHN 0.85 -4.00 -3.40 1.00 -3.00 -3.00 5435 76.92 -22.57 0.143
SLP 0.10 4.00 0.40 0.25 3.00 0.75 16.13 23.08 -6.95 0.547
SLN 0.10 -4.00 -0.40 0.25 -3.00 -0.75 80.00 76.92 3.08 0.820

Notes: “A” and “C” denotes the ambiguity or contitokatment, respectively. “Prob.” denotes for each the
objective probability that a blue marble is randpmtawn. “Payoff’ denotes the payoff in Euro if ué marble is
drawn; if a red marble is drawn the payoff is al&&UJR 0.00. The treatments’ labels indicate thétian. “B” and
“S” denotes 80 or 40 marbles in each urn, respelgtiVH” and “L” denotes high and low probabilitieespectively.
“P” and “N” denotes positive and negative payoféspectively. “p” denotes p-values (&hi

| investigate the subjects’ decisions in more debgi taking their individual knowledge about the
probabilistic structure into account. Thereforegansider five heuristics that are reasonable fer th
prediction of subjects’ decisions. They are introgtl in Section 2 and their implications for this
particular experiment are briefly explained belddpplication of the Maximax heuristic means that a
subject chooses the urn with a payoff of EUR 4rDthe gain domain. The high payoff in the loss dioma
is EUR 0.00 for both urns and the subjects neexpfdy the second decision rule of this heuristibjoh
assumes that they decide in favor of the urn viithhighest sample probability for the high pay&UR
0.00). If a subject applies the Minimax heuristitg urn with a payoff of EUR -3.00 is chosen in lihes
domain because this decision minimizes the potelatss. In the gain domain, the urn with the highes
sample probability for the smallest loss is sekdctehich is identical for both urns and equal toREU
0.00. Adapting the theoretical proceedings of thestLikely and Least Likely heuristics to this syid
framework implies the following behavioral strategi In order to choose the urn for which the high
payoff occurs most frequently in their sample (Mbiely) the subjects would have to count the blue
marbles in their sample in the gain domain anddideones in the loss domain. Note that a red mamble

the loss domain means that the payoff of EUR Odurs while a blue marble means that a loss of EUR
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-4.00 or EUR -3.00 occurs. If subjects choose the for which the worst payoff is observed least
frequently (Least Likely), they have to count tieel marbles in the gain domain which corresponds to
payoff of EUR 0.00. In the loss domain, they hawecount the blue marbles in their sample which
corresponds to a payoff of EUR -4.00 (Urnl) and EL3®0 (Urn 2). Note that the Most Likely and
Least Likely heuristics predict the same decisifmseach of the eight decision problems based en th
objective probability structurethis means that Most Likely and Least Likely goedhe same decisions
under risk. However, the predictions are distirat the decisions under ambiguity and depend on the
individual sample.

Figure 6 shows the performance of each heuristierims of correct predictions. It is important &ef in
mind that the heuristics overlap under the studyjserimental design - or are even equal as indke of
the Least Likely and Most Likely heuristics in tb@ntrol group.

| find that the Least Likely and Most Likely heuits are the best predictors of the subjects’ dmuss
under risk (79 precent). Under ambiguity and basethe individual amount of information, Most Lilgel
performs best in correctly predicting the subjedetisions (72 percent) and turns out to be sicpuifily
better than Least Likely (z-test, p < 0.05), whadrrectly predicts 65 percent of all the decisiofse
two heuristics that primarily focus on outcomesniiax and Maximax, perform worse than the dual
heuristics Most Likely and Least Likely, irrespeetiof whether the decision is one under risk or
ambiguity (z-test, p < 0.05). Moreover, the predics based on the heuristic that assumes subjects
choose in favor of the urn with the higher expegiagloff (EP) are significantly worse than thoseeoias
on the Most Likely and Least Likely heuristics lretcontrol and the treatment group (z-test, p §)0.0
Figure 6 also shows the percentage of subjectsdelc@e against the prediction of the expected fayof
heuristic (EP) but according to the Minimax (“DiffiM) or Maximax (“DiffMax”) heuristic. | find that
the Maximax heuristic is applied more frequentlyhé& decision is not in line with the expected ghyo
heuristic (z-test, p < 0.1). This indicates thatrensubjects decide in favor of maximizing thedatential

payoff even if the decision is against the urn wfith highesexpectedgayoff.
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Figure 6 Performance of heuristics

0.90 -
0.79 0.79
0.80 - 0.72

0.70 - 061 0.65

_ 0.56
0.60 0.52

0.50 - 0.46
0.40 -

0.30 1 0.210.22 0.21

0.20 -
0.08 0.13
0.10 - 0.04

0.00 - . . : : -

EP ML LL Min Max DiffMin DiffMax

m Risk = Ambiguity

Notes: Figure 6 shows the percentage in decimabeusnof correct predictions. “Risk” indicates tlantrol group
and “Ambiguity” the treatment group. “"DiffMax” andDiffMin” indicate the percentage of those subgatho
decide not in line with the EP heuristic but insteacording to Minimax and Maximax, respectively.

To complete the picture and in order to analyze pevsonality traits and uncertainty attitudes iefloe

the subjects’ decisions, | run logit estimationshva binary variable of whether the urn is chosefine

with the respective heuristic (see Table 7 forrdsailts).

Neither risk aversion nor ambiguity attitude areirfd to have a significant influence on whether the
decision is made by applying the Minimax, Maximiiqst Likely, or Least Likely heuristic. In contrast
model (1) reveals a positive effect of these messwn decisions based on the expected payoff (EP)
under ambiguity. Model (2) also shows that riskraien has a positive effect on this decision ruider
risk.

Minimax is applied significantly more often in highobability treatments and in the loss domain;as

be seen from the estimations in models (6) and Nibreover, conscientious subjects seem to decide
more often in order to minimize their potentialdgdinimax) and less often in order to maximizengai

(Maximax). Deliberate thinker and females decidss ffeequently according to the Minimax heuristic.

Considering the dual heuristics, | find that thdjsats decide significantly less often accordinghe

Most Likely or Least Likely heuristic under ambiguin high probability treatments (models (3) and
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(4)). Moreover, they decide less often in line witie Least Likely heuristic in the loss domain, evhi
indicates that subjects do not try to minimize th@dtential loss (model (4)). Under risk, model (5)
reveals that subjects apply the Most Likely andsteakely heuristics more often if they are confieoh

with large amounts of information. With regard te tsubjects’ personality traits, the results shbat t
neurotic subjects decide significantly less oftetine with the predictions of the Least Likely aWabst
Likely heuristics under ambiguity. Subjects for wincdConscientiousness is more pronounced are also
less likely to decide according to these heuristicdbserve no effect of personality traits on vieetthe
decision is made according to Most Likely and Ldakely under risk. | find that the decisions under
ambiguity according to the Least Likely and Moskely heuristics are more often made by females.
Furthermore, subjects who consider themselves ne&d® thinkers decide in line with the Least Likely

and Most Likely heuristics under ambiguity consaddy more frequently.

Models (8) and (9) show that subjects for whom C@rgiousness is more pronounced decide in line
with the Minimax heuristics more frequently andsledten in line with the Maximax heuristic if thelp

not rely on the expected payoff heuristic (EP)subjects make their decision under risk rather than
ambiguity, they are more likely to decide in ortiermaximize their potential payoff (Maximax), amca
be seen from model (9). | find that the Minimax histic correctly predicts fewer decisions of rezsue

thinkers when they decide against the urn withhilgber expected payoff.

27



Table 7Logit estimations of urn decisions

() (2) (©) 4) ©) (6) @) (8) 9

EP EP ML LL ML/LL Min Max DiffMin DiffMax
Marbels 0.00* - 0.0z 0.01* - - - - -
HighProb -1.66*** -1.73%** -1.25%** -0.82%** -0.6¢ 1.14%** -0.1¢ - -
Loss 0.3¢ -1.13** 0.04 -0.80*** 0.6¢ 0.67*+* 1.80*** - -
Large 0.2¢8 -0.80* 0.2¢ 0.1 1.30** -0.3¢ 0.2¢ - -
Risk 0.14* 1.85** 0.0¢ 0.0¢ -2.71 0.01 -0.0z -0.0¢8 -0.12*
Amb 0.51* - 0.2¢ 0.21 - -0.34 -0.2¢ -0.57 -0.07
N -0.3¢€ -0.91 -1.01%** -0.87** 14.08 0.61* 0.0C 0.1¢€ -0.2¢
E 0.66** 3.5¢ 0.4¢ 0.50* -10.72 0.04 0.1% -0.17 -0.21
O 0.2C 1.5¢ -0.61* -0.61* 1.7¢ 0.43* 0.2¢ 0.93** 0.3¢
A -0.68** -0.8C 0.85*** 1.06%** 11.15 0.94*** 0.22 -0.4¢ 0.60*
Cc 0.1z -2.81 -1.61%** -1.57%* 6.6t 1.19%** -0.62** 1.30** -0.66*
DT 0.1 3.28** 0.48%+* 0.53%+* 9.2¢ -0.36* 0.0¢ -0.53** -0.0t
Female 0.37 0.8¢4 1.70%** 1.30%** 6.5C -0.90** 0.2¢ -0.5C 0.1¢
Age 0.04 0.34* 0.0 0.04 -2.0C -0.01 0.0z -0.0¢ -0.04
Stat 0.2t 0.1¢ 0.1 0.04 -10.01 0.17% 0.3¢ 0.7¢ 0.2¢
Order 0.48* 0.51 -0.1¢ 0.01 24.01 0.04 -0.01 -0.0¢ -0.1¢€
Control - - - - - -0.3¢ 0.56* -0.91 0.78**
Constant 1.5¢ -26.98 2.01 -1.8¢ 9.2¢ -0.8¢ -1.7¢ -0.4< -0.0¢
Observations 368 104 36¢ 36¢ 104 47z 47z 472 472
PseudR? 0.1¢ 0.17 0.2¢ 0.17 0.2¢ 0.1 0.1f 0.11 0.0¢

Notes: Table 7 shows the results of different lagtimations of urn choices. “DiffMin” and “DiffMdxindicate the decisions that are not in line wiiR but according to
Minimax and Maximax, respectively. “Marbles” derotihe number of marbles uncovered. “HighProb”, ‘4’o&nd “Large” are binary variables equal to ohthé treatment
considers high probabilities, the loss domain aoge urns, respectively; zero otherwise. “Risk” 8Achb” denote risk and ambiguity aversion, respedi. “N”, “E”, “O”, “A”,
and “C” are binary variables for Neuroticism, Extesion, Openness, Agreeableness, and Consciemtissisrespectively, equal to one if the persontliy is pronounced; zero
otherwise. “DT” denotes the answers of the selessment question considering the decision typendi&’ and “Age” denote gender and age of subjeespectively. “Stat” is a
binary variable equal to one if the subject hagtokl statistics course; zero otherwise. “Ordertrais for ordering effects. “Control” denotes thentrol group. *, **, and ***
denote significance at the 10%, 5%, 1% level.

For “Risk” | used measures from HLP; using HLN diot change any results.
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5. DISCUSSION

Information acquisition and decisions

| find that ambiguity is almost never completelgueed, which implies that the utility from reducing
ambiguity is described by a concave function. Thargimal utility from reducing ambiguity
decreases with the amount of information and téad=ero. It is notable that the average number of
marbles uncovered in the large urn treatments {Orérbles) exceeds thetal number of marbles
presented in the small urn treatments (80 marblgss is remarkable since this finding excludes
cognitive costs as an explanation for the fact #mabiguity is not completely reduced in the majorit
of decision tasks. This reasoning would imply thaltjects forgo obtaining more information because
they cannot process it; however, this is contradicby the results. Moreover, the experiment
excludes any time restrictions or financial co3tise issue of effort seems to be the only source of
costs that might prevent them from acquiring a! ififormation. The tradeoff between showing more
effort and leaving some degree of ambiguity is @naways in favor of some residual ambiguity,
which the subjects seem to feel comfortable withug] there is an individual threshold of tolerated
ambiguity. The results indicate that this threshidégend neither on whether the decision is made in
the gain or loss domain nor on the probabilistincture. Furthermore, consistent with my prediction
the individual sample size is much higher than xpegimental studies considering learning from

experience.

Neither the variables for risk aversion nor amtiguaittitude seem to influence whether the decision
is made by applying several heuristics or not -epxdor the one considering the expected payoff.
With respect to a subject’s ambiguity attitudecain be argued that this characteristic should only
influence the individual sample size, which is iedeconfirmed by the analysis, and not the decision
itself. However, this reasoning does not seem agplée in the case of risk aversion. In contrast, |
observe a positive effect of both risk and ambigaitersion measures on decisions that are in line
with the expected payoff heuristic. | conclude tthegt influence of uncertainty measures is limited t

this heuristic, regardless of whether the decisgdomade under ambiguity or risk. If the subjects
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know the objective probability structure, they alnsly rely on the Most Likely and Least Likely

heuristics more often in the case of large urns.

| find different results for particular personalitgits with regard to their explanatory power mth
individuals’ information acquisition and their findecisions according to all heuristics. | find a
negative influence of the Openness variable on Easipe, which does not seem intuitive at first
glance. However, Openness captures “individualedéffices in the tendency to be open to new
aesthetic, cultural, and intellectual experiencastording to the definitidA rather than curiosity.
Although a certain degree of curiosity could bensag a kind of prerequisite for new experiences, th
other component of the definition seems to outwellgis. Surprisingly, the Conscientiousness
variable turns out to have no significant influerare sample size, which is in contradiction to my
prediction. As Table 4 shows, the Conscientiouswasisble is not correlated with risk aversion or
ambiguity attitude measures. The results show @matscientiousness influences the decision itself
but not the amount of information a subject acauipeior to a decision. As predicted, | find the
explanatory power of personality traits to be dif& for information acquisition and decisions.

Moreover, the explanatory power is different focideons under risk and those under ambiguity.

An individual’s decision type (intuitive vs. delitae) influences both information acquisition and
decisions. Deliberate thinkers request signifigamtiore information prior to their final decision.
With regard to the decisions themselves, | findedédnt effects for risk and ambiguity. Under
ambiguity, deliberate thinkers choose more oftecoading to the Least Likely and Most Likely
heuristic; however, | do not find an effect for wier the decision is made in favor of the highest
expected payoff (EP). Under risk, the oppositdésdase: | observe that subjects in the contralgro
decide in favor of the higher expected payoff (ERye often, but | find no effect as to whether the
decision is made in line with the Least Likely oo#t Likely heuristic. A possible explanation ofsthi
finding might be that, under risk, subjects know thbjective probability structure and can better
estimate the expected payoff. However, based orfaittethat subjects do not count the number of
marbles or use the calculator | rule out the exgtian that they really calculate and decide accwydi

to the expected payoff.

13 See Table 1.
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| find that the predictions of the decisions of Bes with the Minimax heuristic are considerably
worse (p < 0.05). Since this implies that femalesidi less frequently in order to limit their pdtah
loss, this finding is not in line with the generabult that females are more risk-averse. Moredver,

observe no gender effect on risk aversion elioitét the Holt-Laury test.

Summing up, | do not find that standard measuresisdf and ambiguity aversion explain the
decisions according to four out of five heuristinsluded in the study. Fully consistent with my
expectation, | find that individuals’ personalitsaits have explanatory power for decisions and
information acquisition beyond the measures of tag#y. In addition, the experiment provides
evidence that an individual's decision type infloerthe acquisition of information and decision. In
contradiction to the majority opinion, | do not ebge clear evidence of a gender effect with regard
to the risk attitude. This is true considering glieited measures using the standard procecdamds
the behavior observed in the main decision task wagard to the information acquisition and the

decision itself according to the predictions offidifferent heuristics included in the study.

Presentation format and reflection effect

Despite the fact that the experiment provides aigdesn which the degree of ambiguity is

endogenous, it turns out that the presentation domffects the subjects’ decisions. As previously
described, the study finds evidence of a reflectitiact. Some of the study’s decision problems are
similar to prior studies, in which the problemsnfrdahneman and Tversky (1979) are adapted.
Hertwig et al. (2004) investigate individual deoiss under risk with a focus on rare events and
learning from experience. Their experiment contaose of the same decisions used in Baron and
Erev (2003), who investigate feedback-based indaiidiecisions (see Table 8 for an overview). The
treatments BHP, SHP, BHN, and SHN are almost idehtd those in prior studies. The treatments
BLP SLP, BLN, and SLN are similar and also shownTable 8; however, the probabilities are

slightly different thereby resulting in differenkmgected payoffs. Therefore, drawing conclusions

from a comparison of these results must be dorte euite.
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The control or descriptive groups in prior studieseived the information displayed in a typicalléab
containing the outcomes and probabilities. In #tisdy’s experimental setting, the marbles in the
urns are presented instead. Table 8 contains aansop of the results. The comparison shows that
under this different presentation format the amoafntnformation, i.e., the number of marbles |
present to the subjects, impacts the decision unslewith a known objective probability structure
as well as under ambiguity. It is noteworthy ttieg subjects in the control treatment are also @ble
let the computer count the number of marbles.dfthad done this, the framework would have been
nearly identical to the treatments in prior studiexce the subjects would have had the objectively
presented information at hand. Interestingly, tsisot done by the subjecfsOne conceivable
reason for this behavior might be that they feehfmtable with the presentation of probabilitieslan

do not see added value in counting the number dbles

14 It was done only 17 times across all treatmendssaijects.
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Table 8 Comparison of results with prior studies

Option 1 Option 2 Choice 1

Prob. Outc?  Exp Prob. Outc®  Exp C/Des A
BHP 0.85 4.00 3.40 1.00 3.00 3.00 7.69 3261
SHP 0.85 4.00 3.40 1.00 3.00 3.00 5385 41.30
.*;\";‘er;ir;a” & 0.80 4000 3200  1.00 3,000 3,000 20 :
Barron & Erev 0.80 4.00 3.20 1.00 3.00 3.00 55 -
Hertwig et al. 0.80 4.00 3.20 1.00 3.00 3.00 36 -
BHN 0.85 -4.00 -3.40 1.00 -3.00 -3.00 9231 60.87
SHN 0.85 -4.00 -3.40 1.00 -3.00 -3.00 76.92 54.35
'}?\?Qrgir;an * 080 4000 3200 19 3000 3,000 92 |
Barron & Erev 0.80 -4.00 -3.20 1.00 -3.00 -3.00 70 -
Hertwig et al. 0.80 -4.00 -3.20 1.00 -3.00 -3.00 72 -
BLP 010 4.00 0.40 025 300 075 1538 23.33
SLP 010 4.00 0.40 025 300 075 2308 16.13
.*ﬁjggir;a” & 0.20 4,000 800 0.25 3,000 750 65 -
Barron & Erev 020 4.00 0.80 025 3.00 0.75 81 -
Hertwig et al. 0.20 4.00 0.80 025 3.00 0.75 64 -
BLN 0.10 -4.00 -0.40 025 -3.00 -0.75  84.62 88.71
SLN 0.10 -4.00 -0.40 025 -3.00 -0.75  76.92 80.00
.*;\"j‘grgir;a” & 020,000 800 025 Lo 750 42 :

Notes: “C” denotes the control group which corresfsoto the descriptive group in Hertwig et al. (20@®%ron

and Erev (2003), and Kahneman and Tversky (197A). denotes the treatment group. “Outc.” denotes
outcome.

&Qutcome corresponds to a payment in Euro in thidystin Kahneman and Tversky (1979) outcome denotes
Israeli pounds, but the experiment was in questioenform with hypothetical questions. In Baron dfrev
(2003) and Hertig et al. (2004) outcome denotesitppwhereas one point corresponds to a paymeftOaf
Shekel or 0.02 US Dollar, respectively.

As can be seen in Table 8, | do not find the réifeceffect as observed under the descriptive
conditions in prior studies. In the low probabilttgatments, the reflection effect is observablthan
opposite direction. While Kahneman and Tversky @)%nd other studies find that the majority of
subjects, i.e., more than 50 percent, choose Optifor the positive payoffs and Option 2 for the
negative ones, this study finds the subjects behawibe the exact opposite. This is true irrespect

of the size of the urn presented to the subjectsalfeady noted, the results should be interpreted
with care because the probabilities are not exabiysame and consequently the expected payoff
differs. The observed behavior would be in linehwgtior studies if it is assumed that the subjects

decide according to the expected payoff. HoweVer,subjects do not know the expected payoff or
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the exact numbers of colored marbles because iewtcount thef. Thus, it seems unlikely that
the differences in probabilities and expected piayafe the only drivers for the observed effects.

In addition, Table 8 shows the result of this stwdih regard to the treatment group which mirrors
my findings for the control group and shows thdeaifon effect for treatments in the gain domain
even more clearly. Keeping in mind that the sulsjetinost never uncover all the marbles and thus
do not get to learn the objective probability staue, it appears even more unlikely that the
differences in probabilities between this and psimdies cause the inversion of the reflection.

The findings indicate that the presentation fornmapacts individual decisions, at least for low
probabilities. Furthermore, the subjects seem ¢éb demfortable with the presentation format in this
study since they do not switch to a descriptiverfair by counting the marbles. Assuming that the
standard descriptive format produces less biasa@isidas, the results of this study imply the
following: First, that irrespective of whether tliecision is made under risk or ambiguity, the
subjects decisions are biased, and second thauttjects are not aware of this bias because they do
not switch the format. While many decisions aretaiely made under conditions similar to a
descriptive presentation format this does not agptyall decisions, especially those outside the
laboratory. Decisions under presentation formatsilar to the one chosen in this study might

produce very different decision behavior.

6. CONCLUSION

This paper analyzes individual information acqigsitand decisions under risk and ambiguity. The
experimental design allows the subjects to endaggypaand individually determine the degree of
ambiguity prior to making a decision without fingalaosts or time constraints.

| observe that both risk aversion and ambiguityrsiem are positively related to the amount of
information that subjects acquire. The interactioefficient between the risk aversion and ambiguity
aversion variables is negative, which indicates siibjects make decisions based on less information
if they are both risk and ambiguity-averse. | do olaserve a gender effect on the sample sizehbeut t
results indicate that Openness and Agreeablenegss Bbaplanatory power for the subjects’

information acquisition beyond the measures fok ramd ambiguity. Individuals for whom

15 cannot rule out the possibility that they cotite marbles manually; however, this seems verkelylisince
they could count them by simply clicking on a battevhich would have been documented by the program.
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Agreeableness is more pronounced reduce the defjsabiguity more than others and individuals
for whom Openness is more pronounced acquire lgesmation. In contrast to my prediction,
conscientious subjects #ot acquire more information.

With regard to the decisions, | find that the stddmeasures of risk and ambiguity aversion do not
explain the decisions for four of the five heudstincorporated in this study. | conclude thatrthei
explanatory power in a non-standard experimentiaaon is limited. | do not observe clear evidence
of a gender effect with regard to the risk attitudliis is true considering the elicited measurésgus
the standard proceduresmd the behavior observed in the main decision task wegard to the
information acquisition and the decision itself awling to the predictions of five different heuigst
included in the study.

In contrast, it is the individual's personality itea gender and decision type that turn out to have
explanatory power for the decision. Decisions ast Ipredicted by the dual heuristics Least Likely
and Most Likely. The measure of Conscientiousndfscta the subject’'s decision: The results
indicate that conscientious subjects aim to minétieir potential loss.

The study documents a reflection effect, but fitlst the effect is reversed for low probabilities
compared to studies using a descriptive formatpfesenting the probability structure. This is the
case for decisions under ambiguity as well as thosker risk. Thus, the presentation format seems to
cause a different decision behavior, at leastdar probabilities. While many decisions are certainl
made under conditions captured by the standardigége presentation format this does not apply
for all decisions, especially those outside th@tatory. Decisions under presentation formats simil

to the one chosen in this study might produce défgrent decision behavior.
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Appendix A. Results from Holt-Laury procedure

Figure 7 Results from Holt-Laury test procedure with postpayoffs
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Figure 8 Results from Holt-Laury test procedure with negapayoffs
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Notes: Figure 7 shows the percentage of subjectthéomeasures of the Holt-Laury test with

positive payoffs. Figure 8 shows the percentagsubjects for the measures of the Holt-Laury
test with negative payoffs.
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Appendix B. Results from the Halevy procedure

Figure 9 Distribution of subjects’ ambiguity aversion
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Notes: Figure 9 shows the percentage of subjectshfo reservation prices according to the
Halevy test.
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Appendix C. Decision mode

Figure 10 Distribution of subjects’ primary decision mode
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Notes: Figure 10 shows for each measure of decmimihe the percentage of subjects according
to the self-assessment question. “1” denotes “irgnjtive” and “5” denotes “very deliberate”.
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Appendix D. Aggregated points from responses to the “Big Fiyeéstionnaire
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Percent
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Conscientiousness

Notes: The figures show for each personality titeét percentage of subjects who are assigned
the respective number of total points. The totahber of points ranges from 3 in case of total
disagreement among all three items presented ingtlestionnaire to 21 in case of total

agreement. The more points a subject responds rm fe more the personality trait is
pronounced.
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Appendix E. “Big Five” inventory

Big-Five-Inventory-Shortversion (BFI-S) following Gerlitz and Schupp (2005)

The questionnaire contains a 15-item Likert scalesidering the five personality traits Neuroticism,
Extraversion, Openness, Agreeableness, and Cotiscigmess. Answering is possible on a scale
from “1” to “7”, where “1” means total disagreementd “7” total agreement.

| see myself as someone who...

total

disagreement aq:gtei:wer
gets nervous easily 0000000 N
worries a lot 0000000 N
is relaxed, handles stress well 0000000 N-
is communicative 0000000 E
is outgoing, sociable 0000000 E
is reserved, quiet 0000000 E-
has an active imagination 0000000 0
is original, comes up with new ideas 0000000 0
Values artistic, aesthetic experiences 0000000 0
is considerate and kind to almost everyone | "~ 4"~ 5 5 A
has a forgiving nature 0000000 A
is sometimes rude to others 0000000 A-
does things efficiently 0000000 C
does a thorough job 0000000 C
tends to be lazy 0000000 C-

Notes: “N” denotes Neuroticism, “E” denotes Extnaien, “O” denotes Openness, “A” denotes Agreeatssn
and “C” denotes Conscientiousness. Statements wesented in a random order. The right column was no
presented and assigns the corresponding persomaityto each statement. A minus indicates thatitbm
contains a reverted statement. The questionnaés dot include a reverted statement for Openness.
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Appendix F. Instructions

Instructions

Welcome to the experiment. From now on, please alospeak to the other participants of the
experiment and use only those functions on the atanthat are required for the experiment.

The purpose of this experiment is to examine diffieforms of decision-making behaviour; hence
there are no right or wrong answers. You can eamnay in this experiment. The amount paid
depends on your own decisions and chance accotditfte rules on the following pages.

The data from the experiment are made anonymousamaot be associated with the participants.
Both during and after the experiment, neither thibeo participants nor the conductors of the
experiment will come to know which decisions yoderend how much you earned.

You receive an amount of 4.00 Euro for showing Tigis amount will be added to the payoff
obtained in the experiment.

Procedure

The experiment consists of several parts that alevant to the payment. These parts will be
explained on the following pages. After the expernts, please answer a short questionnaire
containing questions about yourself.

Payout

Your total payoff at the end of the experimenthis sum of your profits and losses from all parts of
the experiment plus the 4.00 Euro for showing ulbirAall, you can make no loss. After you have
filled in the short questionnaire, you will be eallout one by one. Please bring the small card with
your number and the completed and signed receithidgayout. The payment will be conducted
anonymously and in private.
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Part 1
Task

In Part 1 of the experiment you have to choose éetwwo urns, out of which the computer will
draw a marble. The urns contain red and blue msarbleu will see the urns depicted on your screen.

The boxes or buttons are equivalent to one mafile.buttons conceal the colour of the marbles,
which are randomly distributed by the computeydi click the button to learn more about the
composition of the urn, the button will vanish ahd colour of the marble underneath will become
visible.

Below each urn, there is a button saying “countbies’. Click this button in order to make the
computer count the number of revealed red andrlarbles. If you reveal more marbles after the
counting, you will have to click the button againarder to learn about the current number of
revealed red and blue marbles.

You can take as long as you want for your decis¥@mu can reveal as many marbles as you wish by
clicking on them. However, if you do not want touydo not have to reveal any marbles at all. The
payoffs of the urns can be positive or negatie,there are also decisions that result in a Ibiss.
possible payoffs are explained above each urn.

You decide from which urn the marble will be drawn!

Example

Payoffs,if you draw a blue marble,
URNE 1 AUSZAHLUNG: Blau:4€ Rot: 0 € you receive 4 Euro, if you draw a

red marble you receive 0 Euro
([ ]{em] jmwjfn ] w]u]jn :
EHEHEHEHEH.NEHEHEHE Marbles in the urn, concealed by
1|55 @/ [ I][E| £ butons
OLInIEE = e/

Kugeln za } Button to count the marbles

Blaue Kugeln: 1
Rote Kugeln: 7 \ Number of the revealed red and

™ blue marbles in the urn

Payout

At the end of the experiment, one of the pairsraswvill be chosen by the computer; all of the pair
are chosen with the same probability. The compuiérandomly draw a marble from the urn you
have chosen before from this pair, according tadheion of the probabilities of the marbles iatth
urn. You will then receive the gain or loss fronstdrawing as a payoff in Euro.

46



Part 2
Task

In the second part of the experiment, there aredifferent urns. Each of these urns contains 10
marbles, some of which are red and some of whielbare. Your first task is to predict the colour of
the marble the computer will draw for each urn. Phaportion of the marbles’ colours varies
between the two urns. You win if the colour youdicted is drawn.

But you also have the possibility to do without thhawing from the urns and receive a safe amount
by selling the drawing to the computer. In ordedécthis, you have to tell the lowest amount
between 0.00 Euro and 6.00 Euro that you wouldgtdoe selling the bet.

» The computer generates a random offer. If the édfeelow the price you mentioned, it was
not possible to sell the drawing, hence the drawakes place and determines your payoff.

» If the offer is above the price you mentioned, goccessfully sold the drawing to the
computer and receive the offer from the computernirbles will be drawn from the urns.

Payout
One of the two urns will be chosen for the paydiie computer randomly generates an offer
between 0.00 Euro and 6.00 Euro. If this is abbeeprice you named, you receive the offer from the
computer. If the computer’s offer is below the priwu named, the drawn colour will determine your
payoff. A marble will be drawn randomly from thenur

e If you predicted the colour correctly, you receé:60 Euro.

» If you did not predict the colour correctly, yowcedve 0.00 Euro.
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Part 3 & Part 4
Task

In the parts 3 and 4 you have to decide betweendtteries (X and Y) ten times. In each lotteryuyo
can win one of two amounts of money (Part 3) oe lose of two amounts of money (Part 4). The
procedure is the same in both parts.

The probabilities of winning or losing the prizas different for each decision.

Example
Lottery X | choose X | choose Y Lottery Y
3/10,2.00€ | 7/10,1.60€ | € € 3/10,3.85€ 7/10,0.10 €

€ €

Each lottery has two possible results, which haaréain possibilities. The result is determined by
drawing a random number. In the example above goundn a price of 2.00 Euro with a probability
of 3/10 and a price of 1.60 Euro with a probabitify7/10 in lottery X. In lottery Y you can win a
price of 3.85 Euro with a probability of 3/10 angréce of 0.10 Euro with a probability of 7/10.
Please make your choice for all the ten lotterdter that you can confirm the computer screen with
the “O.K.” button.

Payout
At the end of the experiment, one of the ten Igteirs from part 4 and one of the pairs from part
will be chosen. Each of the pairs has the sameghitity of 1/10. The lottery (X or Y) of those

chosen pairs that you have decided for beforeheilplayed. As a payoff from part 4 and part 5 you
receive the gain or loss that was randomly chosehd chosen lotteries.
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