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Abstract

We focus on the comparison of risk attitudes elitithrough three different
procedures with the goal to analyse the consistencisk attitudes. Rank corre-
lations are utilized to measure the degree of assion of the subjects’ choices
and principal component analysis is employed td fime main factors describ-
ing the specific characteristics of risk attributé&'e observe patterns of con-
sistency in risk attitudes between two methodswaitiin the selected multidi-
mensional method, too. We find an evidence thadleyeand subjects’ cognitive
abilities play a certain role in the consistency rafk attitudes. Participants’
choices in popular Holt and Laury method and theeottwo methods show
nearly no relation. The principal component anadysuipports the validity of the
distinctive nature of the three risk elicitation imeds. We also identify another
aspect which is common in the different risk cantere call it the payoff risk
sensitivity.
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Introduction

Economists and psychologists have been interasteticiting attitudes to-
wards risk mostly for two purposes. First, to tibstories. The progress made in
our understanding and description of risky decisiaking has evolved thanks
to a very fruitful dialogue between empirical tegtgestioning the existing theo-
retical postulates and new approaches addressingesiulting conflicts between
predicted and observed behaviour. Second, as amektexplanatory factor of
behaviour in contexts, in which a subject’s atttwduld presumably play a role.
Both research agendas resulting from these twdlglasandeavours implicitly
assume that a subject’s attitude elicited in oskyrcontext should be related to
the subject’s risk attitude in a different contextsome extent. The relevance of
risk attitudes elicited in one context for decisimaking in another context has
not been addressed sufficiently nor systematically.

This paper focuses on the comparison of differiektattitude elicitation meth-
ods. Our goal is to find the level of consistentyigk attitudes in different exper-
imental contexts. We also aim to identify if gendad subjects’ cognitive abilities
play any role in it. We use three different risktatle elicitation methods in this
study. They are based on the Holt and Laury (2p8&edure (HL), Crosetto and
Filippin's (2013a) static version of the Bomb RiEkKcitation Task (BRET) and
the Sabater-Grande and Georgantzis (2002) lotmelptask (SGG). HL and
BRET procedures are uni-parametric methods and &G@esigned as multi-
dimensional instrument for risk attitude elicitatioNe conducted a risk attitude
survey. All decisions made are hypothetical becaasge domains, like large stakes
and especially losses, were impossible to implematht real monetary rewards.
Results reported in this paper come from 181 stdhjedl Slovak university stu-
dents. Based on the exploratory analysis we stadylts of the risk elicitation
methods and patterns within them. We use Spearmaniscorrelations to com-
pare risk attitudes based on the three methodsemfdoy principal component
analysis (PCA) to understand the nature of thelmgiaviour in the different context
of choices; the objective of the analysis using RECdimensionality reduction and
identification of the key factors, which can captapecific attributes of the dataset.

The paper contributes to the existing literatarénio areas. Firstly, we compare
different risk attitude elicitation methods and wlentify overlapping areas with
regard to the context of the risk elicitation. Swlg, we carry out the risk attitude
survey among population of Slovakia, thus broademasearch related to risk
attitudes in this region. The paper is structuetbbows. The first section provides
an overview of the literature. The second sectescdbes selected risk elicitation
methods and the third one explains the methodologyhe fourth section we pre-
sent results, which are discussed in the fifthigecT he last section concludes.
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1. Literature Review

Main theoretical foundation of risk attitudes iretdecision making under un-
certainty is expected utility theory introducedymn Neumann and Morgenstern
(1944). Well-known counterproposal to this viewprespect theory (Kahneman
and Tversky, 1979). Several risk attitude eliaatmethods have been developed
to test the theories. Among many the most popukthods have been designed
by Becker, DeGroot and Marschak (1964), Cox, Ralreemd Smith (1982) and
Holt and Laury (2002). Validity of risk elicitatiaiasks has been addressed on very
few occasiorfswhich has been pointed out by Garcia-Gallego. ¢2@12) and Cro-
setto and Filippin (2013b). Exceptionally, riskcgltion procedures have been
shown to explain subjects” behaviour in strategittexts’ However, although the
Holt and Laury (2002) procedure has been adopted frequently than other tasks
as a risk elicitation device, there is still no dosive evidence on whether the test
reasonably predicts the behaviour of a subject diffarent, even risk-related
task. Several studies have been carried out to amnglifferent risk elicitation
tasks and their results suggest that there isratbak connection between them.

Bruner (2009) employed multiple price list taskamdincrease in the expected
value happens either by increasing the reward eptbbability. He found that
58% of the subjects exhibited different risk prefezes in the two different
tasks. Deck et al. (2010) compared four risk etmin methods and found weak
correlations between the two static tasks and tw@unhic tasks, but not among
any other pair. Harbaugh, Krause and VesterlundR6tudied repeated choic-
es of subjects in two procedures and reported ribatly 50% of the subjects
changed their attitudes across the tasks. Godleostudy of Reynaud and Cou-
ture (2012) was to test stability of risk preferen@cross four different elicita-
tion methods and they found two of tHeleing moderately correlated.

Crosetto and Filippin (2013a) compared their BRE&thod with three and
Crosetto and Filippin (2013b) with four most fregtlg used risk elicitation
proceduresfinding significant differences in the results andhe classification
of subjects emerging from these procedures. Cosgasiof different methods
assume that subjects will try to maximise theilitytin every period and every

2 Well-known examples are Harrison (1990), Harbadghapse and Vesterlund (2010), Bruner
(2009) and Isaac and James (2000).

3 See for example, Sabater-Grande and Georgantii2)(2and Charness and Villeval (2009)
on the connection between risk taking and coopmrair Heinemann, Nagel and Ockenfels (2009)
on uncertainty and coordination.

4 These were the methods based on Holt and Lauf2j2@nd Eckel and Grossman (2002),

5 The procedures introduced in Holt and Laury (20@2kel and Grossman (2002), Gneezy
and Potters (1997) and finally in Lejuez et al.Q2pD
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situation, thus having stable approach to risks€tto and Filippin (2013b) sug-
gest that some subjects may choose to make méyedesisions in one task and
more risk averse in another task to balance ttrevipus decisions. Deck et al.
(2013) conducted a laboratory study using multgaa risk elicitation tasks and
a risk attitude survey. Consistent with previousesech, they indicated consid-
erable within-subject variation in behaviour acrizsks.

Comparative studies mentioned above generallynctaat inconsistent be-
haviour can be explained by a subject's specHicattitude in the given decision
making context. To address this matter, we inclugie multidimensional method
assuming its four different domains provide morenpeehensive description of
subject’s risk attitude. We expect certain levetohsistency of decisions across
tasks, but not their uniformity, which would proeee of the domains being
unnecessary. The other two selected methods afgavainetric and we want to
observe how much they relate to each other andgective domains of a mul-
tidimensional method. Our first hypothesis is tHaimains of multidimensional
method will be significantly (at least weakly) cglated with each other. Our
second hypothesis is that each of the uni-paracn@igthods will be significantly
(at least weakly) correlated with one or more domaif multidimensional method.
We include testing for gender effects and effe€tsognitive abilities.

2. Selected risk elicitation methods

We employ three different risk attitude elicitatimethods in this study. One
of the methods we use is perhaps the most popptapach for measuring risk
tolerance in the lab. It is the one of Holt and lya{2002) in which subjects are
asked to make a series of binary choices overdtiery pairs with gradually
increasing probabilities, where one of the lotieayrs is the safer choice. Table 1
provides an overview of the risk aversion clasatfian based on lottery choices.
The range of relative risk aversion in this cldsation is determined based on
the following utility function:

Xl— r

U (x) = 1)

Authors further propose a “hybrid power-expo tilifunction that exhibits
both increasing relative risk aversion and decrepabsolute risk aversion. Ma-
jor advantages that led to the popularity of thetbhles include its transparency
to subjects (easy to explain and implement), aatlittcan be easily attached to
other experiments where risk aversion may havenfineince. Nevertheless, the
HL method has also several disadvantages. Fomicst@ane disadvantage is that

it is quite sensitive to probability weighting snit uses variations of probabilities




851

instead of outcomes in its elicitation. Anotheradigantage is that the HL tables
need an expected utility framework in order to mpkedictions on the intensity
of risk aversion. They are thus unable to classifgjects as being more or less
risk averse without imposing expected utility oerth

Table 1
Risk Aversion Classification Based on Lottery Choies According to Holt and Laury
Number of safe choices r (min) r (max) Risk preference classification
0 < -1.71282 Highly risk loving
1 -1.71282 —0.946837 Highly risk loving
2 —0.946837 —0.486575 Very risk loving
3 —0.486575 —0.142632 Risk loving
4 —0.142632 0.146363 Risk neutral
5 0.146363 0.411456 Slightly risk averse
6 0.411456 0.67618 Risk averse
7 0.67618 0.970581 Very risk averse
8 0.970581 1.36839 Highly risk averse
9 1.36839 < Stay in bed
I e Non-applicable

Source Holt and Laury (2002), adjusted.

Second method used in our paper is the Bomb Riskafon Task (BRET),
which is an intuitive procedure aimed at measuriglg attitudes introduced by
Crosetto and Filippin (2013a). Subjects decide hwamy boxes to collect out of
100, one of which containing a bomb. Earnings iaseclinearly with the num-
ber of boxes accumulated, but are zero if the bsnatbso collected. In the static
version of the task, subjects face a 10 x 10 squavehich each cell represents
a box. They are told that 99 boxes are empty, wirle contains a time bomb
programmed to explode at the end of the task,afeer choices have been made.
Subjects are asked to choose a nunk}*dﬂ [0, 100] that corresponds to the

number of boxes they want to collect, starting fribva upper left corner of the
square. The position of the time bonib l(! [1, 100]) is determined after the
choice is made by drawing a number from 1 to 1@dnfan urn. Ifki* =D, it
means that subject collected the bomb, which wqeésthe subject’s earnings.
Otherwise the subject leaves the minefield witltbatbomb and receives certain
monetary amount for every box collected. Authorsuase classic constant rela-
tive risk aversion power utility function:

U(x) =X )
and then

K = 100— 3)
1+
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which suggests that risk neutral subject should)seda',* = 50, with correspond-
ing r from the range [0.981,1.020]. Risk averse suh:jleobsel{ < 49 with corre-

spondingr from the range [0.00,0.98] and risk loving subkemboseki* = 51 with

corresponding from the range [1.021,68.275].

The third elicitation method we use in our studythe Sabater-Grande and
Georgantzis (SGG) lottery-panel test designed Ipatea-Grande and Georgantzis
(2002). It is implemented in our study as four eliéint tasks, which we call differ-
ent domains, corresponding to a different comtonadif low gains, high gains, low
losses and high losses. Each domain consists ofdffiarent panels; each panel
offers increasing at the same probabilities, witimgd 1 offering the lowest and
panel 4 the highest payoffs in the given domairedah lottery, subjects can either
win a payoffX with a probabilityp or on payoffs the other hand gain nothing
(domains of low and high gains) or even lose soroeay (domains of low and
high losses). Subjects choose one of the tenikdtéiom each panel. The range of
winning probabilities in all panels is the sameitfirl to 0.1 in steps of 0.1).

SGG lottery-panel test at the same time offerarge of different returns to
risk so that a more risk averse subject might eetagake risky options in the first
or the second panel, but could be attracted ty ps&spects when a high return is
offered in panels 3 and 4. Thus, unlike uni-deaig&sts, this task may be used to
classify subjects not only according to their wijness to take risks, but also with
respect to their propensity to change across difterisk-return combinations.
Moreover, for a given risk aversion parameter, Weakonotonic transitions to-
wards riskier choices are predicted as we move franel 1 to panel 4 (Garcia-
-Gallego et al., 2011). Risk neutral and risk lgvsubjects should choose the lot-
teries at the far right extreme of the panels. @enisg the fact, that with 4 choices
the researcher obtains 4 different observationsioheal subject, we can easily see
that the test parsimoniously produces a panelréta@ a single column of data.
By the definition, this corresponds to a multi-dime®nal description of individual
attitudes towards risk.

Each of the HL and BRET approaches measure risksen parameter
with slightly different formula and thus lowerin HL corresponds to risk loving
attitude while in BRET it describes risk aversfoBoth methods distinguish
three broad categories of risk averse, risk neatndl risk loving attitudes. SGG
method does not provide straightforward mathemiattranula to calculate risk
aversion parametar and it also does not distinguish between risk na¢w@nd
risk loving attitudes. SGG approach focuses oreffect of risk aversion across
different domains and in the context of increastakes.

5 We can see in the formula (1) and formula (3) thate is a difference in the denominator
being 1 —r in the HL method and 1 #in the BRET method.
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3. Methodology

To elicit the risk preferences, we conducted arotied paper and pencil risk
attitude experiments in April and May of 2013. Tlhexperiments have all fea-
tures of controlled experiments apart from monefacentives (the payments
were hypothetical). That is why we refer to themsasveys in this text. The
surveys were conducted in university premises witline sessions. Each ses-
sion lasted approximately 1 hour, including instiuts. A survey was divided
into 2 parts: Risk elicitation taskend Cognitive Reflection Test (CRT). To
avoid any ordering effecfstasks were randomly mixed. Participation in survey
was voluntary and all payments were hypothetichk Tesults reported in this
study are from 181 subjects, students of undergitadand master study pro-
grams recruited at the University of Economics matBlava. Total number of
female students participating in the experiment wigsificantly higher (116
vs. 65)? 113 subjects were full-time university studentsl &8 were part time
students with different working backgrounds. Thesrevstudents of both under-
graduate and master study programs in economicspplied economy infor-
matics. We have made an adjustment in the sampgleidi®g subjects, whose
choices did not make sense, could be random oddmailmade without actual
understanding of the tasksBased on HL method we excluded those, selecting
10 safe choices. Such subject chose the certawffpafy200 EUR over the cer-
tain payoff of 385 EUR. Based on BRET method welwded subjects who
collected 100 boxes. This choice means losing asgiple gain, because it is
certain that the “bomb”, erasing all gains, is agnd®0 boxes. It may indicate
that the person makes decisions randomly, or dbesmprehend the lottery
options.

We use CRT in this study in order to capture tifferent cognitive abilities
of the subjects. Two types of cognitive processegehbeen distinguished and
emphasized by researchéegy. Epstein, 1994; Sloman, 1996): one whichss, fa
impulsive and often emotionally charged and anotimer which is slower, more
reflective and deliberately controlled. Stanovicid &/est (2000) named them as

"It is important to mention that we did not charige design of the risk elicitation tasks. The
parametrization was used as in original paperssiue aim was not to devise a new methodology
but to compare existing ones.

8 Ordering effect refers to the process of workingpuigh a series of choice tasks which could
influence the stated preferences leading to choideomes that are dependent on the onder
which a question is answered.

® The proportion could be unbalanced due to theqgmémhnce of female students at the uni-
versity (which is generally the case of studentsaaial and economic sciences in Slovakia).

191n total 198 subjects participated in the surveg we excluded 17. The results reported in
this study are from 181 subjects.
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“System 1” and “System 2”. These “dual processbties of cognition became
popular in accounts of risk perception and sciecamemunication thanks to

Kahneman (2003). Frederick (2005) designed CRhiaztproblems. The three
problems are not difficult and their solution isiaunderstood when explained.
However, in all three problems there are seemingfyitive answers that are

incorrect and are chosen by impulsive subjects. Stligect needs to overcome
the initial and impulsive wrong answer in orderfital the correct answer. We
divide subjects into two groups based on theirexiranswers to CRT problems.
First group represents lower cognitive abilities] aronsists of those subjects
who gave 0 or 1 correct answers. Second groupseptg higher cognitive abili-

ties and consists of subjects who solved 2 or Blpros correctly. CRT subject
instructions are included in the appendix.

When analysing data, we first provide exploratamalysis to study results of
the risk elicitation methods and patterns withienth In order to compare the
methods, we use Spearman’s rank correlations. Ramklation is an appropri-
ate method for comparing the continuous, discreterdinal variables. Unlike
Pearson's correlation coefficient, rank correlatioefficient does not measure
the degree of linear association between the twiablas but the similarity of
their rankings. Moreover, it is not sensitive tdlieus. There are several versions
of rank correlation. Spearman correlation coeffitis a non-parametric version
of Pearson correlation coefficient. It is a statedt measure of the strength of
a monotonic relationship. Spearman correlationfeoeft is calculated in such
a way that in the formula for Pearson's correlatioefficient the values of vari-
ables are replaced with their rank:

0= ZL(FXi - rf)(ryi _ r\_()
V(%=X ) E ()

whererX stands for ranks of variabk andrY stands for ranks of variabhe
Similar as Pearson correlation coefficient if takasvalues from —1 to +1. Closer
values to these limits denote stronger monotoratiomship.

Next, we use principal component analysis (PCAJirnd the common pat-
terns in risk attitudes. It is a statistical mettiod reducing a dimensionality of
data. It attempts to represent original variablés & parsimonious set of their
linear combinations that account for the substhptét of their variance. These
linear combinations are known as principal comptséar factors), they have
a unit length and are orthogonal (i.e. linearlyalated) to each other. The co-
efficients in the linear combinations are knowrfaator loadings.

(4)
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The first step of the procedure is rather strdggttard and consists in eigen-
vector decomposition of a correlation (or covargnmatrix. The first principal
component corresponds to the highest eigenvalueegmdsents the highest pro-
portion of variance. The second principal comporeamtesponds to the second
largest eigenvalue, etc. Since the correlationcfariance) matrix is positive
semi-definite, the eigenvalues are real numberstlagid number is equal to the
rank of a correlation matrix. If the original vaslas are not perfectly collinear,
the number of principal components is equal tonilvaber of original variables.
Since the objective of PCA is dimensionality redwtt not all principal compo-
nents are retained. Several rules are used, otieewnf is Kaiser criterion where
only the principal components with correspondingeaivalues higher than one
are retained. Another one is selection procedusedan scree plot of eigenval-
ues. Other rules involve percentages of explairathbility and percentage of
uniqueness (percentage of unexplained variabilitghnsen factors).

Usually, principal components obtained in this veag difficult to interpret
and that is why the second step is used — rotalibis. step assures a relatively
simple structure of principal component matrix wigspect to the original vari-
ables. If the goal is to simplify interpretationdapolarize the factor loadings,
i.e. factors are related to the original varial@éker strongly or not at all, vari-
max method is preferable.

4. Results
4.1. Descriptive Analysis

The Table 2 shows the descriptive statistics ef abherent sample of sub-
jects’ responses to risk elicitation tasks usefliither analysis. The units of the
variables correspond to the nature of a given tesiSGG panels the units are
the probability of the win in the chosen lottergiiveen 0.1 — 1). In BRET the
subjects chose the number of fields from 0 to AL method the response is
measured by the number of safe options (from Q.to 9

We report mean and standard deviation of the resgmofor the whole sample
and then disaggregate the results based on twablesi— gender (male/female)
and the number of correct answers in Cognitivesotitbn test (CRT) — first cate-
gory 0 or 1 correct answers and the second catégoryd correct options.

When interpreting the results from Table 2, acowydo SGG method higher
the probability chosen, more risk averse the stiligeSimilarly, in HL method
the risk aversion of the subject increases withribeease of safe options selected.
However, in the BRET method the higher number eldf indicates decreasing
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risk aversion. Based on SGG results we can seestiigécts are on average
more risk averse in high gains and high losses d@mahen compared to low
gains and low losses. We also observe that subjects/erage take more risk,
when the stakes increase (within each domain).

Table 2
Descriptive Statistics
All sample Male Female CRT=0-1|CRT=2-3
Risk elicitation method (N =181) (N =65) (N =116) (N =153) (N =28)
Mean St. dey.Mean St. dey.Mean St. dey.Mean St. dey.Mean St. dey.
Panel 1 (prob.) 0.51 0.31| 0.54 0.32 050 031 052 0B1 050 Q.31
SGG Panel 2 (prob.) 0.48 0.28| 050 028 046 029 047 0P8 050 Q.30
low gains | Panel3 (prob.) 046 026/ 052 025 043 026 046 O0R6 048 Q.27
Panel 4 (prob.) 0.43 0.28] 0.49 0.27 040 028 043 O0R7 044 Q.29
Panel 1 (prob.] 0.70 0.28| 0.72 0.25| 069 0.29| 069 0.28| 0.73 0.26
SGG Panel 2 (prob.| 0.65 0.25| 0.68 0.23| 0.64 0.26| 065 0.25| 0.68 0.25
high gains | Panel 3 (prob.] 0.63 0.25| 0.67 0.23| 0.61 0.25| 0.63 0.25| 0.63 0.22
Panel 4 (prob.] 055 0.28| 056 0.29| 054 0.28| 055 0.28| 0.58 0.28
Panel 1 (prob.) 0.50 0.28] 0.53 0.27 049 028 050 O0R7 054 Q.29
SGG Panel 2 (prob.) 0.49 0.27| 0.52 0.26 046 027 047 O0OR6 055 Q.28
low losses | Panel 3 (prob.) 0.47 0.25| 052 02% 045 025 047 0R5 050 Q.25
Panel 4 (prob.) 0.46 0.27| 0.50 0.27 044 027 046 O0OR7 049 Q.27
Panel 1 (prob.| 0.72 0.26 | 0.72 0.24| 0.72 0.27| 0.72 0.27| 0.72 0.23
SGG Panel 2 (prob.] 0.71 0.24| 0.73 0.21| 070 0.26| 0.71 0.25| 0.73 0.17
high losses| Panel 3 (prob.] 0.71 0.24| 0.69 0.24| 0.72 0.24| 0.71 0.25| 0.70 0.18
Panel 4 (prob.| 0.68 0.26| 0.66 0.26| 0.69 0.27| 0.68 0.27 | 0.70 0.23
BRET Number
of fields 44.37 24.73 |45.78 23.49 |43.58 25.46|43.94 25.06|46.71 23.11
Holt-Laury | Safe options 514 176 494 153 5.26861 516 172 5.07 1.92

Source Authors’ calculations.

When comparing male and female subjects, averagalts suggest that
males are on average little more risk averse tharales in all domains of SGG
method, except for high losses domain, where diffees are very small and not
monotonic. On the other hand, average choices ol BRET methods indi-
cate little more risk averse attitude of femaleswidver, based on the two-sided
t-test* we conclude that gender differences are not ttatily significant, ex-
cept for panel 3 and 4 in SGG low gains domain.

We see only very small differences in risk attdsichased on CRT results.
Subjects with higher cognitive abilities based aerage of choices in SGG
method are slightly more risk averse but only ighhgains and low losses do-
mains. There is no actual difference in low gaind high losses domains. Aver-
age results of BRET and HL methods suggest thgesutvith lower cognitive
abilities are slightly more risk averse. Also iistbase, we conclude that gender
differences are not statistically significant basedhe two-sided t-test.

1 t-test results are not reported in this paperttoey are available from authors upon request.
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Figure 1
Histograms and Kernel Density Functions for Particpants' Choices
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Average values have a limitation in that they mdinformation contained in
the dataset into one number. That is why next stequr descriptive analysis is
to look at and compare distribution patterns. Tis &8md we compare histograms
and empirical kernel density functions.

Figure 1 presents histograms and kernel densitgtions for participants’
choices. For each domain of SGG method we seldgtame panel as a repre-
sentative for the given domain. We chose the pahele the greatest dispersion in
answers was observ&din order to facilitate the comparison with othezthods
we binned values for BRET into 10 categories andrex@rsed x-axis so that
risk averse choices are on the right-hand side.

4.2. Consistency of the Risk Attitudes within the Multidimensional SGG
Method

We use Spearman rank correlation to analyse oekttips between choices
across various domains of multidimensional SGG opwthirable 3 provides
summary of correlations of SGG domaingVhen comparing different panels
within each of the four SGG domains, we find sig@ift strong correlations
between them (from 0.50 to 0.88) with just one ekioa of high gains domain
(correlation between panel 1 and 4 = 0.39). Theetation between panel 1 and
panel 4 is always the weakest in each domain. Tesdind evidence for strong
consistency in the same risk context represented tigmain, with correlations
becoming weaker as the difference between the stad@®omes bigger.

Table 3
Spearman Rank Correlation between SGG Domains — Summary
SGG low gains SGG high gains SGG low losseg SGG thigsses

SGG low gains (0.5067—13.88)

SGG high gains (0.203'3_4(1).55) (0.309'5_85_72)

SGG low losses o. 4065—08.61) (0.105'2_68_43) (0.5067—08.82)

SGG high losses (0.107'2_48.35) (0.103;3?8.38) (0.00é2—58.38) (0.505;7—1(7).83)

Source Authors’ calculations,

First value is an average of correlations betwadked panels within each do-
main. Values in parentheses represent the rangerddlations. Full results are
reported in appendix. All correlations were stataty significant at 5% level.

12 sabater-Grande and Georgantzis (2002) used tpimagh to select a representative panel
for the domain.

13 Full results are reported in appendix.
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When we compare different SGG domains with eabtlerptwe find mostly
moderate correlations (exceptionally exceeding )0.8@rong correlations are
between low gains and low losses (average comel&i503). We also observe
that panels 4 across all domains are always mostlated with each other (aver-
age correlation 0.444, with range 0.35 — 0.61).r@lveve find strong connec-
tions of choices within respective domains and wedlks across domains,
with low gains and low losses showing the closistigrity.

We also find that choices of male subjects areencorrelated in domains of
low gains and low losses and then in high gainshagll losses when compared
to females. On the other hand, cognitive abilitiesnot play any role in this
regard:*

4.3. Consistency of the Risk Attitudes Elicited through Different Methods

In this part, we also use Spearman rank correlaiiodetermine the con-
sistency of risk attitudes across various riskitalion methods. Tables 4, 5 and
6 present the results of correlations between HL BRET, SGG and HL, and
SGG and BRET, including the male and female cormsparand comparison of
subjects with lower and higher cognitive abiliti&RET is represented by num-
ber of fields open, HL by number of safe optiond &G by probabilities. The
higher number of fields open in BRET indicates lowisk aversion, while the
higher number of safe options in HL and higher phility in SGG indicates
higher risk aversion. Therefore, negative correfetibetween BRET and other
methods are the sign of their consistency.

Table 4
Spearman Rank Correlation of HL and BRET Tests
Holt-Laury
all male female CRT=0-1 CRT=2-3
N =181 N =65 N =116 N =153 N =28
BRET —0.0406 0.081 —0.0906 —0.0639 0.0601

BRET is represented by number of fields open andihumber of safe options.
HL is represented by number of safe options and 8@garobabilities.

Source Authors’ calculations.

First of all we obtain a very low and statistigaihsignificant correlation
(Spearman correlation coefficient = —0.04) betwdsenHL and the BRET meth-
ods, with no difference in results for males or &8s, neither for subjects with
different cognitive abilities. These two uni-paranemethods seem to produce
unrelated risk attitudes.

4 The corresponding results are presented in appendi
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Table 5
Spearman Rank Correlation of HL and SGG Methods
Holt-Laury
all male female CRT=0-1 CRT=2-38
N =181 N =65 N =116 N =153 N =28

panel1 | 0.1083 0.03 0.1508 0.1475 -0.0953

SGG low gains | Panel2 | 01771 0.1209 0.2159* | 0.2314* -0.0872
panel 3| 0.113 0.099 0.1449 0.1515 -0.0989
panel 4 | 0.1508* 0.3161* 0.0933 0.1729* 0.0364
panel 1 0.0786 0.2537* 0.0049 0.1022 -0.0343

SGG high gains panel 2 0.1274 0.1213 0.1317 0.1659* -0.0707
panel 3 0.0352 0.0848 0.0164 0.0392 0.0107
panel 4 0.0756 0.2743* -0.0234 0.0602 0.1911
panel1 | 0.0523 0.0814 0.0453 0.1048 -0.1845

SGG low losses| Panel2 | 0.051 0.1612 0.0124 0.0666 -0.0024
panel 3| 0.0222 0.212 -0.0572 0.0178 0.075
panel 4 | 0.0428 0.2834* -0.0622 0.0734 -0.0963
panel 1 0.1512* 0.2852* 0.0867 0.1762* 0.0602

SGG high lossed panel 2 0.1251 0.2137 0.0887 0.1643* -0.0537
panel 3 0.0986 0.2807* 0.0056 0.1437 -0.1029
panel 4 0.1747* 0.3858* 0.0717 0.1779* 0.2207

Source Authors’ calculations.

When we obtain correlations between the HL tedtthe SGG choices made
in the four different domains, we observe only weakrelations and only in
some panels in the low gains and high losses danfiairall subjects (Spearman
correlation coefficient is between 0.1 — 0.18). édttise there are no significant
correlations.

However, there is a difference when we considedge— there is some con-
sistency (moderate correlations) of male subjeusk’ attitude elicited through
HL and SGG for high stakes (panel 4) across allalogy Spearman correlation
coefficient is between 0.27 — 0.39. For female ectsj there is almost no signif-
icant correlation across all domains and all pageith just one exception of
panel 2 in low gains domain). Risk decisions ofjscis with higher cognitive
abilities were utterly unrelated between HL and S@é&thods (from the per-
spective of statistical significance).

However, subjects with more impulsive decision mgKwith CRT = 0 — 1)
showed some relations through weak correlationseiveral panels across low
gains, high gains and high losses domains (Speaomaalation coefficient is
between 0.17 — 0.23).

15 Both HL and BRET allow calculation of relative riskession parameter r based on constant
relative risk aversion utility function. Since ttansformation is monotonic (for HL and BRET
only) and Spearman rank correlations compare rgskiof two variables, the results obtained
using risk aversion parameter instead of raw vag@s nearly identical results. Results are not
reported in this paper, but they are available fearthors upon request.
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Table 6
Spearman Rank Correlation of BRET and SGG Methods
BRET
all male female CRT=0-1 CRT=2-3
N =181 N =65 N =116 N =153 N =28
panel1| -0.2111* -0.3647* -0.1418 -0.1893* -0.3517
66 I el panel2| -0.1883* -0.2924* -0.1435 -0.1487 -0.4406*
panel 3| -0.2092* -0.3831* -0.1327 -0.1716* —0.4655*
panel 4| -0.2733* —0.3465* —0.2458* -0.2269* —0.5216*
panel 1 -0.1978* -0.2214 -0.1992} -0.1869* -0.254%
SGG high gains panel 2 -0.2203* -0.2277 -0.2235} -0.1948* -0.368%
panel 3 -0.1830* -0.2538* -0.1521 -0.1699* -0.25483
panel 4 -0.1579* -0.2079 -0.1443 —0.147% -0.2295
panel 1| -0.0683 -0.2366 0.0129 -0.0102 -0.4101*
SGG low losses| Panel2|  —0.0865 -0.2935* 0.0074 -0.0358 -0.4127*
panel 3| -0.1003 -0.3251* 0.0117 -0.0419 -0.4819*
panel 4| -0.1282 -0.3657* -0.0135 -0.0737 —0.4847*
panel 1 -0.0707 -0.0655 -0.0757| -0.0345 -0.2877
SGG high losses panel 2 -0.0594 -0.0729 -0.0624 -0.053p -0.1546
T panel 3 -0.0478 -0.0393 -0.0498 -0.049} 0.0071
panel 4 -0.1523* -0.0961 -0.1739 -0.1928* 0.0906

BRET is represented by number of fields open an@ 8@ probabilities.
Source Authors’ calculations.

The correlation between BRET and SGG methods fes@ae pattern of
consistency and at the same time we observe difeszbased on gender and
cognitive abilities. We discern weak but significaorrelation for all subjects
(Spearman correlation coefficient is between 0.0627) in domains of low and
high gains (all panels); otherwise choices are significantly correlated. The
results in low gains domain seem to be driven biema

Male subjects are on average moderately consistghttheir risk attitude
according to BRET and two SGG domains (7 of 8 mairelow gains and low
losses domains); Spearman correlation coefficebetween 0.29 — 0.39.

Female subjects are seldom consistent in their attitude derived from
BRET and SGG methods, there is no clear patterarelts a weak correlation
for only some panels of low and high gains in S@@dins (Spearman correla-
tion coefficient is between 0.20 — 0.25). Intenmggity, similar to males, the sub-
jects with higher cognitive abilities seem to basistent with their risk attitudes
in BRET method and SGG domains of low gains and llesges; we obtain
moderate to strong correlations (0.35 — 0.52). flens of subjects with lower
cognitive capacity in BRET method are only weaktyrelated (yet the coeffi-
cients are statistically significant) with low amigh gains domains of SGG
method.
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4.4. Studying Latent Common Dimensions of Risk Attitudes

We use principal component analysis (PCA), whiobutd help us to under-
stand the nature of the risk behaviour. The ohjectif PCA is dimensionality
reduction, finding the main factors best explainpagticular characteristics of
the data. Our survey provides us with 18 choicesspbject in total; 16 are ob-
tained from SGG method and one from HL and BREThios each.

Firstly, we use Kaiser criterion and PCA givediue factors with eigenvalue
higher than one. These factors capture 76% of st#bjehoice variance. How-
ever, uniqueness of HL and BRET is 65% and 72%esly, i.e. there is
large proportion of unexplained variability in tkeetsvo methods. That is why we
increase the number of retained factors to sevéa. choice of number of re-
tained factors is also supported by scree ploigérevalues, where the flat part
of the plot starts with the eighth eigenvalue.

Table 7
Principal Component Analysis
Rotated Factor Loadings (pattern matrix) and Unigadgances

Variable Factor 1 | Factor 2 | Factor 3| Factor 4| Factoi5 | Factor 6 | Factor 7| Uniqueness

SGG g pl 0.0950 0.297fy 0.8357| 0.1456| -0.0661 0.091p -0.1044 0.1597
SGG Ig p2 0.1227 0.246y 0.8868| 0.1441 0.0358] 0.1039 -0.0630 0.1009
SGG Ig p3 0.1219 0.2996 0.7999| 0.1695 0.2329] -0.0311 -—0.0666 0.1671
SGG Ig p4 0.1297 0.299F 0.6248| 0.1592| 0.5109| 0.0330| -0.1542 0.1917
SGG hg p1 0.1633 0.1648 0.1160 0.8448| —0.1653 0.0498 -0.119p 0.1751
SGG hg p2 0.1909 0.0990 0.1442 0.8527| 0.1364 0.1102f -0.103% 0.1644
SGG hg p3 0.2197 0.0679 0.2471 0.7478| 0.2830| -0.1078 0.0021 0.2352
SGG hg p4 0.0658 0.106B8 0.1787 0.5843 0.6142] 0.0550| -0.0240 0.2302
SGG I pl 0.0772) 0.7720| 0.3602 0.1718 -0.2678 0.0241 0.0060 0.166p
SGG Il p2 0.1674) 0.8910| 0.2590 0.1418 -0.0411 0.0040 0.00R5 0.0891L
SGG Il p3 0.1422] 0.8397| 0.2579 0.0656 0.2829 -0.0661 —0.0164 0.119p
SGG Il p4 0.1721) 0.7367| 0.1904 0.0198 0.5170| 0.0219| -0.0663 0.1189

SGG hipl 0.8295| 0.1493 0.1918] 0.1406 -0.1831 0.04r2 -0.0288 0.19¢
SGG hl p2 0.9174| 0.1684 0.0971 0.1483 —-0.0180 0.0210 -0.0846 0.09¢
SGG hl p3 0.8850 | 0.1025 0.0560] 0.1493 0.1685 —0.05[2 0.0138 0.144
3
B

O N

SGG hl p4 0.7370| 0.0706 0.0661| 0.1218 0.4656| 0.1607| -0.1167 0.1764
-0.11B5 -0.0420 -0.0230.9767 0.0108
0.0511 0.02870.9794 | -0.0227 0.0260

BRET -0.0516/ -0.0147 -0.131
Holt-Laury 0.0447| -0.0195 0.091

[N

Source Authors’ calculations.

Table 7 presents rotated factors loadings (fdotmtings higher than 0.45 are
in bold — they represent substantial correlatiamben the factor and given varia-
ble); we use these results to interpret individaators. Factor 1 is mainly deter-
mined by all four panels of the high losses domgiator 2 by all panels of the
low losses domain; factor 3 by all panels of the gains domain; factor 4 by all
panels of the high gains domain. Each of them capthetween 14 — 17% of the
variance. Therefore, the order of factors 1 — dasimportant; their explanatory
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value is nearly equivalent. Factor 5 is a speaeifid we will analyse it in the next
paragraph. Factors 6 and 7 present the evidenteiskaattitudes obtained by
the HL and BRET methods represent a specific rigkedsion not captured by
SGG multidimensional method. Proportion of expldinariance is about 6% for
each of them. See Table 8 for a detailed report.

Each of the first 4 factors represents a diffedintension of risk attitude.
Each of them can be described as a mean meastisk afversion in a specific
risk environment (domains of high or low losses) &igh or low gains). The
higher is the score of each of the factors, theemisk averse the subject is and
vice versa.

Table 8

Proportion of Variance Explained by Rotated Factors
Factor Variance Difference Proportion Cumulative
Factor 1 3.11605 0.02987 0.1731 0.1731
Factor 2 3.08619 0.06486 0.1715 0.3446
Factor 3 3.02133 0.43518 0.1679 0.5124
Factor 4 2.58616 1.05971 0.1437 0.6561
Factor 5 1.52645 0.47902 0.0848 0.7409
Factor 6 1.04743 0.00394 0.0582 0.7991
Factor 7 1.04349 . 0.058 0.8571

Source Authors’ calculations.

Factor 5 can be seen as a measure of a subjensgigity to variations in the
return to risk. There is a pattern in every don@i®GG: the factor loadings are
always negative in panel 1 and they gradually im®eereaching a maximum in
panel 4. Panel 4 offers the highest gains amonfpail panels while the poten-
tial loss (or zero gain option) remains the santes Tactor reacts on the amount
of payoff, which is at stake. Factor 5 can be dbedras an additional measure
of risk attitudes. We call this dimensidime payoff risk sensitivityRisk averse
subjects jpayoff risk sensitivewill prefer safer options in higher panels. There
fore, the higher is the value of the factor, therenask averse the subject is in
the context of potential high gains (the loss is #ame for all panels in each
domain). Risk neutral subjeqigyoff risk sensitiewill choose same (or similar)
options across the four panels within the domaisk Roving subjects gayoff
risk sensitiviewill prefer risky options in higher panels. Thever is the value of
the factor, the more risk lovingpdyoff risk sensitijethe subject is. Factor 5
explains 8.5% of the variance of subjects’ choieglsich is about one half the
explanatory power of each of factors 1 to 4. Noteimwg HL and BRET are not
related to this factor at all (factor loadings el@se to zero).

The disaggregation of a sample based on gendmrgnitive abilities did not
bring any particular additional insighfsThe patterns in the whole sample remain
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approximately valid in these sub-samples. The aisikudes elicited by HL and
BRET continue to be unrelated to each other anthdse gained using SGG
method. Some changes occurred in the structurbeofisk attitudes elicited by
multidimensional SGG method, though. Males seerasinciate low gains and
low losses domains; formerly two distinctive fastddentified in the whole
sample collapse into one. When considering thefpaigl sensitivity factor, the
results for whole sample seem to be driven by mates female subjects the
factor loadings are smaller compared to males aedpayoff risk sensitivity
factor is more associated with panels 1 than patiéls

The latent factors underlying the risk attitudépeople with lower cognitive
abilities do not differ much from those uncoveredthie whole sample either.
Here, the risk payoff sensitivity factor is slightéss linked to the low losses and
high losses panels. In the sub-sample of subjeittshigher cognitive abilities
we report that five factors explaining the riskitattes elicited by SGG method
collapsed into three factors, however this may loeressequence of a small size
of the sub-sample.

5. Discussion

First we conduct exploratory analysis. Based oG 3€sults we can see that
subjects are on average more risk averse in higts gand high losses domains
when compared to low gains and low losses. Wheramadyse frequency of
choices we observe that the riskiest options agemibst frequent in low gains
and low losses SGG domains whereas they nearlpmisa in high gains and
high losses SGG domains. This finding supportsnitgon that the context of
decision making plays an important role. Next, wiramparing the choices
within the same domains, we observe that subjettaverage take more risk,
when the stakes increase. The common pattern, whéigcts have chosen
higher winning probability (with smaller reward) ite decisions involving
higher stakes, was reported also by Holt and L&209?2).

When comparing male and female participants, resulggest that there are
no significant differences in their risk attitudessed on HL and BRET methods
and partially also on SGG method. Exceptions agettfo panels of SGG low
gains domain, where males are on average littleemek averse than females.
We suggest that some of the well-known gender tsffeeported on risky decision

1% Results are not reported in this paper, but theyagailable from authors upon request.

1" There is a long list of literature on gender difeces in risk taking claiming that males are
more risk tolerant than females. For meta-analg6it50 studies see Byrnes, Miller and Schafer
(1999).
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making may be due to differences in subjects’ siitgito risk premium varia-
tions. However, a research on similar sample ofarsity students by Balaz et al.,
2013 concluded, that there was no difference knaittudes between the genders.
When we compare subjects based on their cognitiliéies, results indicate that
there are no significant differences in their @gttudes.

Based on rank correlations between choices agaygsus domains of multi-
dimensional SGG method, we find evidence for stroogsistency in the same
risk context represented by a domain, with cori@tat becoming weaker as the
difference between the stakes becomes bigger.

On the other hand, the links across SGG domamgvaaker, albeit low gains
and low losses exhibit certain degree of similardyiven primarily by males.
Cognitive abilities do not seem to make any diffieee This finding is compati-
ble with previous results reported by Brafias, @nithnd Lopez del Paso (2008)
who had shown that behaviour in the SGG test isprddent of the subject’s
mathematical skills.

When we compare the three risk elicitation metheasfind almost no asso-
ciation between subjects’ choices in HL and BREExNwe look at HL and
SGG methods and find rather weak and rare consigteithin low gains and
low losses SGG domains. Further analysis revealattihe result was driven by
male participants and those with lower cognitivelittds. Certain pattern of
consistency was uncovered for males; they wereisten$ across all domains
in the context of highest stakes (panels 4). Ssirggiy no consistency in choices
of subjects with higher cognitive abilities was fiouat all. Overall HL approach
exhibits very low levels of correlation with alletversions of the methods im-
plemented in this study. This could be due to erdivey bias® reported by
Bosch-Doménech and Silvestre (2006; 2013) and Admal Driouchi and
L'Haridon (2011).

When analysing the correlations between the riglitation methods, we
report consistency of BRET and SGG methods. Invthele sample the con-
sistency is found between BRET and low and highg&GG domains. Howev-
er, there is a different pattern for males andigasents with higher cognitive
abilities. They both seem to identify BRET with I@gains and low losses SGG
domains (correlations are moderate to strong). l@nother hand, females and
subjects with lower cognitive abilities appear $s@ciate BRET with high gains
SGG domain.

18 authors tested the HL method and when some iteere wemoved from the lists, it yielded
a systematic decrease in risk aversion and scrantbéeranking of individuals by risk aversion. It
was name@mbedding biaby Bosch-Doménech and Silvestre (2006). Authoggested that: “...
it might be related to empirical phenomena and réstézal developments where better prospects
increase risk aversion” (p. 465).
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PCA method enables us to study common dimensibnsloattitudes. This
tool helps us to disentangle the complex systemskfattitudes elicited using 18
related tasks. We have identified seven factorchvieixplained all of 18 tasks
in a satisfactory way (uniqueness of each varialde less than 24%). Four of
these factors correspond to four different domaihsnultidimensional SGG
method. Therefore, results suggest that each sketdemains indeed measures
a different aspect of subject’s risk attitude. @ttveo factors correspond to HL
and BRET method respectively. The most interediimgjng is the existence of
independent dimension capturing risk attitudes atigipants in the context of
potential high payoff (factor 5). This factor remain the amount of reward,
which is at stake and we calllite payoff risk sensitivity.

From the viewpoint of the main research questiothe level of consistency
of risk attitudes in different experimental contexte find that each HL, BRET
and SGG methods seem to measure distinctive asptw risk attitudes. More-
over, HL and BRET methods appear to be completehglated to each other
despite the common theoretical groundihg.

Numerous methods have been used to measure ritdkeitaboratory and
many others could be designed. The three methadsvih use were selected for
two reasons. First, these tasks have been useaviops studies eliciting risk
attitudes; and second, all the tasks are statispiethe fact, that our results
could be empowered by using monetary incentivesthiek the risk attitudes
elicited from these methods are still valid. Intfaze believe that this mixed
evidence provides some impulse for future resedmath in developing new and
refining existing methods to measure risk taking.

Conclusion

We have used three distinct risk attitude elimtamethods to find the degree
of consistency of risk attitudes in different expental contexts. Subjects’ risk
attitudes elicited from uni-parametric HL and BREEthods are not associated
with each other at all, which is rather unexpect=llt. It is the same between
HL and SGG method. However, there is consistendwdrn BRET and two
domains of SGG method; gender and cognitive adsliplay an important role
here as well. We also find various levels of sinitijabetween different domains
of multidimensional SGG method, but risk attitudee neither identical nor
completely unrelated. These findings are suppdotefbactor analysis; here we

19 Authors of HL and BRET methods link them to constatative risk aversion utility func-
tion, which implies that risk attitudes they cagtybased on relative risk aversion paramefer
should be compatible.
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identified another dimension which we c#ik payoff risk sensitivityWe sug-
gest that more cautious approach should be adbgteelsearchers in economics
and psychology regarding the validity of the exigtrisk attitude measurement
methods. Multidimensional or at least a multipletmoel approach is the only
way of accounting for the similarities and diffecem among risk attitudes elicited
in different conditions.
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Appendices

Appendix 1
Histograms and Kernel Density Functions Participans' Choices by Gender and CRT
SGG - Low gains (panel 1) SGG - High gains (panel 1)
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SGG - Low gains (panel 1) SGG - High gains (panel 1)
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SGG - Low gains (panel 1)

SGG - High gains (panel 1)
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SGG - Low gains (panel 1) SGG - High gains (panel 1)
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Appendix 2
Spearman Rank Correlation between SGG Domains

SGG low gains SGG high gains SGG low losses SGG Ihigsses
pl | p2| p3| p4| pl| p2 p3 p4 pl p2 p3 4 Dl p2 p3 | p4
pl |1
i?vG p2 [0.87|1
gains p3 |0.67(0.77|1
p4 |0.56/0.64|0.76|1
SGG pl | 0.32/0.30|0.26{0.23|1
high p2 | 0.30[0.31]|0.35/0.34|0.72|1
ga?ins p3 | 0.28/0.35/0.46(0.44|0.53|0.67|1
p4 | 0.27/0.31]0.38/0.54|0.39/0.55|0.63|1
SGG pl {0.57/0.50|0.48(0.40|0.30|0.22/0.23|0.18|1
low p2 {0.51/0.51]|0.54(0.46|0.32|0.27|0.31| 0.25/0.79| 1
losses p3 |0.47(0.51|0.59|0.56| 0.23|0.25|0.31| 0.32| 0.60( 0.82| 1
p4 [0.42/0.44|0.49(0.61|0.14|0.28|0.27]| 0.43|0.50| 0.68| 0.82| 1
SGG pl | 0.23/0.25|0.26/0.23|0.32|0.30{ 0.31|0.13| 0.34| 0.30| 0.20{ 0.20| 1
high p2 | 0.20/0.22|0.24{0.23|0.35/0.32{0.34| 0.19{ 0.24| 0.34| 0.27| 0.25| 0.83 |1
Iogses p3 | 0.17/0.21]| 0.24|0.26| 0.28| 0.35/0.36/ 0.21{ 0.14| 0.28| 0.29| 0.27| 0.68| 0.81 |1
p4 | 0.22/0.27|0.27|0.35|0.27/0.38| 0.34| 0.36/ 0.08/ 0.23| 0.29/ 0.38| 0.55| 0.65]| 0.77| 1
Source Authors’ calculations.
Appendix 3
Spearman Rank Correlation between SGG Domains by ®@eler and CRT —
Summary
SGG low gains SGG high gains SGG low losses SGG higsses
male female male female male| female male female
N=65 | N=116/ N=65| N=116 N=6%5 N=116 N=65N=116
SGG low gains 0.68 0.72
SGG high gains 0.37 0.33 0.59 0.5§
SGG low losses 0.62 0.42 0.25 0.27 0.68 0.70
SGG high losses 0.26 0.24 0.45 0.2 0.24 0.28 0.68 0.74
SGG low gains SGG high gains SGG low losses SGG Ihigsses
CRT= | CRT=| CRT=| CRT=| CRT=| CRT= | CRT= | CRT=
0-1 2-3 0-1 2-3 0-1 2-3 0-1 2-3
N=153| N=28| N=153 N=28 N=1583 N=28 N=31p N=28
SGG low gains 0.69 0.71
SGG high gains 0.34 0.34 0.56 0.58
SGG low losses 0.48 0.50 0.27 0.27 0.69 0.70
SGG high losses 0.25 0.24 0.29 0.3 0.24 0.26 0.y6 0.72

Source Authors’ calculations.

Values are an average of correlation between plrels within each domain. Full
results are available from authors upon request.
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Appendix 4
Instructions for the Experiment (originally distrib uted to subjects in Slovak)

Instructions for the SGG lottery-panel task (lowrgadomain

Each one of the following “panels” shows you 1@dades. Each lottery has a proba-
bility of winning a prize. The prize is the amowitEUR shown below that probability.
If you do not win the lottery you earn 0 EUR.Remember that you have to choose one
lottery in each of the four panels. Mark with antbé space corresponding to your
choice. All payoffs from this round are hypothetiaad will not be paid to you.

Panel 1

Prob. 1 0.9 0.8 0.7 0.6 0.5 0.4 0.B 0j2 0.1
EUR 1.00 1.10 1.30 1.50 1.70 2.10 270 3160 5.40 10.90
Choice

Panel 2

Prob. 1 0.9 0.8 0.7 0.6 0.5 0.4 0.B 02 0.1
EUR 1.00 1.20 1.50 1.90 2.30 3.00 4.00 5(709.00 19.00
Choice

Panel 3

Prob. 1 0.9 0.8 0.7 0.6 0.5 0.4 0.B 02 0.1
EUR 1.00 1.70 2.50 3.60 5.00 7.00 10.00 15(00 0@%. 55.00
Choice

Panel 4

Prob. 1 0.9 0.8 0.7 0.6 0.5 0.4 0.B 02 0.1
EUR 1.00 2.20 3.80 5.70 8.30 12.00 1760 26(70 (5.0100.00
Choice

Instructions for the SGG lottery-panel task (higtingdomain

Each one of the following “panels” shows you 1@ddes. Each lottery has a proba-
bility of winning a prize. The prize is the amowitEUR shown below that probability.
If you do not win the lottery you earn 0 EUR Remember that you have to choose one
lottery in each of the four panels. Mark with antbe space corresponding to your
choice. All payoffs from this round are hypothetiaad will not be paid to you.

Panel 1

Prob. 1 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1
EUR 10,000| 11,000 13,000 15,000 17,000 21,0007,00D | 36,0000 54,000 109,000
Choice
Panel 2
Prob. 1 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1
EUR 10,000| 12,000 15,000 19,000 23,000 30,000,000 | 57,0000 90,000 190,000
Choice
Panel 3
Prob. 1 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1 |
EUR 10,000 17,000 25,000 36,000 50,000 70,p00 ,0000/ 150,000 250,00 550,0¢0
Choice |
Panel 4
Prob. 1 0.9 0.8 0.7 0.6 0.5 04 0.3 0.2 0.1 |
EUR 10,000 22,000 38,000 57,000 83,000 120,000 0DV5| 267,000/ 450,00 1,000,0¢0
Choice |
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Instructions for the SGG lottery-panel task (lowdes domain

Each one of the following “panels” shows you 1@ddes. Each lottery has a proba-
bility of winning a prize. The prize is the amowitEUR shown below that probability.
If you do not win the lottery you lose 1 EURRemember that you have to choose one
lottery in each of the four panels. Mark with antbe space corresponding to your
choice. All payoffs from this round are hypothetiaad will not be paid to you.

Panel 1
Prob. 1 0.9 0.8 0.7 0.6 0.5 0.4 0.3 02 10
EUR 0.00 0.10 0.30 0.50 0.70 1.10 1.70 2.60 4.40 9.90
Choice
Panel 2
Prob. 1 0.9 0.8 0.7 0.6 0.5 0.4 0.3 02 10
EUR 0.00 0.20 0.50 0.90 1.30 2.00 3.00 4.0 8.00 18.00
Choice
Panel 3
Prob. 1 0.9 0.8 0.7 0.6 0.5 0.4 0.3 02 10
EUR 0.00 0.70 1.50 2.60 4.00 6.00 9.00 14.00 .04| 54.00
Choice
Panel 4
Prob. 1 0.9 0.8 0.7 0.6 0.5 0.4 0.3 02 10
EUR 0.00 1.20 2.80 4.70 7.30 11.00 16.50 25.70 (™4]099.00
Choice

Instructions for the SGG lottery-panel task (highdes domajn

Each one of the following “panels” shows you 1@dades. Each lottery has a proba-
bility of winning a prize. The prize is the amowitEUR shown below that probability.
If you do not win the lottery you lose 10,000 EURRemember that you have to choose
one lottery in each of the four panels. Mark withXathe space corresponding to your
choice. All payoffs from this round are hypothetiaad will not be paid to you.

Panel 1

Prob. 1 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1

EUR 0 1,000 3,000 5,00 7,000 11,000 ,000 | 26,000 44,000 99,000
Choice

Panel 2

Prob. 1 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1

EUR 0 2,000 5,000 9,00 13,000 20,000 OCW,| 47,000 80,0000 180,000
Choice

Panel 3

Prob. 1 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1

EUR 0 7,000 | 15,000, 26,00 40,000 60,000 0,0040,000 | 240,000 540,00
Choice

Panel 4

Prob. 1 0.9 0.8 0.7 0.6 0.5 04 03 0.2 0.1

EUR 0 | 12,000 | 28,000 47,00 73,000 110,00 165,0087,0R0 | 440,000] 990,000
Choice |
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Instructions for the HL

Your decision sheet shows ten decisions listedhenleft. Each decision is
a paired choice between “Option A” and “Option B3u will make ten choices
and record these in the final column, but only oh¢hem may determine your

earnings.

Imagine, that a ten-sided die that will be useddtermine payoffs; the faces

are numbered from 1 to 10 (the “0” face of the di#t serve as 10.) the first

throw of die select one of the ten decisions tauded, and a second time deter-

mine what the payoff will be for the option (A o) Bou chose. All payoffs from
this round are hypothetical and will not be paigdo.

then payment is 200;

then payment is 385;

Option A Option B Decision | Decision

If die roll is: If dice roll is: number
1 then payment is 200; 1 then payment is 385; 1
2,3,4,5,6,7,8,9 or 10 then payment 2, 3, 4,5, 6, 7, 8, 9 or 10 then paymen
is 160 is 10
1 or 2 then payment is 200; 1 or 2 then payment is 385; 2
3,4,5,6,7,8,9 or 10 then payment | 3, 4,5, 6, 7, 8, 9 or 10 then payment
is 160 is 10
1, 2 or 3 then payment is 200; 1, 2 or 3 then payment is 385; 3
4,5,6,7,8,9or 10 then payment is 1604, 5, 6, 7, 8, 9 or 10 then payment is 1(
1, 2, 3 or 4 then payment is 200; 1, 2, 3 or 4 then payment is 385; 4
5,6, 7, 8,9 or 10 then paymentis 160 | 5, 6, 7, 8, 9 or 10 then payment is 10
1,2, 3, 4 or 5 then payment is 200; 1, 2, 3, 4 or 5 then payment is 385; 5
6, 7, 8, 9 or 10 then payment is 160 6, 7, 8, 9 or 10 then payment is 10
1, 2, 3,4, 5 or 6 then payment is 200; | 1, 2, 3, 4, 5 or 6 then payment is 385; 6
7, 8,9 or 10 then payment is 160 7, 8, 9 or 10 then payment is 10
1,2, 3,4,5, 6 or 7 then payment is 200;1, 2, 3, 4, 5, 6 or 7 then payment is 38%; 7
8, 9 or 10 then payment is 160 8, 9 or 10 then payment is 10
1,2,3,4,5, 6,7 or 8 then payment 1,2,3,4,5,6, 7 or 8 then payment 8
is 200; is 385;
9 or 10 then payment is 160 9 or 10 then payment is 10
1,2,3,4,5,6,7,8o0r9then payment | 1, 2, 3, 4,5, 6,7, 8 or 9 then payment 9
is 200; is 385;
10 then payment is 160 10 then payment is 10
If dicerollis 1, 2, 3,4,5,6,7,8,9o0r10f dicerollis 1, 2, 3,4,5,6,7,8,90r 10 10




877

Instructions for the BRET

1 2 3 4 5 6 7 8 9 10
11 12 13 14 15 16 17 18 19 20
21 22 23 24 25 26 27 28 29 30
31 32 33 34 35 36 37 38 39 40
41 42 43 44 45 46 47 48 49 50
51 52 53 54 55 56 57 58 59 60
61 62 63 64 65 66 67 68 69 70
71 72 73 74 75 76 77 78 79 80
81 82 83 84 85 86 87 88 89 90
91 92 93 94 95 96 97 98 99 100

On the paper you see a field composed of 100 ntedi®oxes. Behind one of these
boxes a time bomb is hidden; the remaining 99 baxegmpty. You do not know where
the time bomb is. You only know that it can be iy place with equal probability. Your
task is to choose how many boxes to collect. Bavi#éde collected in numerical order.
So you will be asked to choose a number betweem 11.&0.

If you happen to have collected the box in which time bomb is located, you will
earn zero. If the time bomb is located in a box ffwau did not collect you will earn an
amount in euro equivalent to the number, you hawesen divided by ten. All payoffs
from this round are hypothetical and will not bédp@ you.

Please, indicate how many boxes would you likedltect ................ccccvvvveennen.

Instructions for CRT

Please answer following questions within the weeof 90 seconds.

1. A bat and a ball cost 1.10 USD in total. The ¢@sts $1.00 more than the ball.
How much does the ball cost?

2. If it takes 5 machines 5 minutes to make 5 eidghow long would it take 100
machines to make 100 widgets?

3. In a lake, there is a patch of lily pads. Evday, the patch doubles in size. If it
takes 48 days for the patch to cover the entire,lakw long would it take for the patch
to cover half of the lake?



