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1. Introduction

Making mistakes is human, but some people are more likely to err than others. Previous research
has shown that error propensities are related to observable characteristics such as cognitive
ability, education, age and gender (Andersson et al. 2016, Choi et al. 2014, von Gaudecker et al.
2011, Burks et al. 2009, Eckel 1999). Since decision noise leads to bias in most elicitation tasks
(see, for example, Crosetto and Filippin 2016), there is a risk of falsely interpreting noise-driven
relationships as preference driven. In Andersson et al. (2016), we show that this danger is real by
demonstrating that cognitive ability can be both positively and negatively correlated to estimated
risk preferences, depending on how the risk elicitation task is constructed. This suggests that the
relationship between cognitive ability and risk preferences reported in the earlier literature may
be spurious (see, e.g., Benjamin et al. 2013, Dohmen et al. 2010).

The previous evidence shows that decision errors are heterogeneous, which may lead to
spurious inference regarding the relationship between risk preferences and personal
characteristics. This problem should be taken seriously but it does not necessarily imply that any
attempt to measure risk preferences and relating preferences to observable characteristics is futile.
Instead, the findings in this paper highlight that using appropriate elicitation tasks and
econometric methods may help to overcome this bias. In regards econometric specifications, it is
worth noticing that simple OLS estimations cannot handle such error structures. Instead, we need
methods that take the heterogeneity of noise into account. A promising approach is to use “off
the shelf” structural econometric specifications that take the heterogeneity of the noise into
account in combination with multiple elicitation tasks so that the error structure can be estimated
with precision.

In this paper, we demonstrate the usefulness of this approach. In particular, we estimate a
random parameter CRRA utility function (Apesteguia and Ballester 2018).! One appealing
feature of structural models is that a range of parameters, including noise parameters, can be
estimated jointly and be allowed to correlate with covariates. We estimate the models using

experimental data from the iLEE panel, with subjects from all walks of life.2 The dataset includes

! Apesteguia and Ballester (2018) show convincingly that random utility models, such as the Luce models with
random errors, are not monotone in risk preferences which may lead to an underestimation of the risk parameters.
Their results generalize the insights established in Wilcox (2011).

2 See http://www.econ.ku.dk/ceefilee/ for a more detailed description of platform.



two Multiple Price Lists (MPLs) that differ with respect to the implied switch point for a given
risk preference, and this difference allows for a precise estimation of the error structure.

We find that cognitive ability is significantly negatively related to risk aversion if we do not
allow cognitive ability to correlate with the noise parameters, which corroborates previous
findings (e.g., Benjamin et al. 2013, Dohmen et al. 2010). However, when we do allow for such
correlation, we find no significant relation between risk aversion and cognitive ability. Instead,
we observe that cognitive ability is negatively correlated to the amount of noise.® This analysis
corroborates the findings of Andersson et al. (2016) using structural estimation techniques. In
that paper we show, using an experimental design, that there is a spurious relation between
cognitive abilities and estimated risk preferences due to how preferences are elicited. We
hypothesize that the spurious relation is due to noisy decision making which we find evidence for
in the current paper.

One natural question is whether it suffices to use multiple elicitation tasks to mitigate the bias
problem without resorting to structural estimations. In this paper, we show that using a balanced
design (in our case pooling two skewed MPLSs) mitigates the bias somewhat but does not entirely
eliminate it. Naturally, it is inherently hard to construct a fully balanced design since subjects’
risk preferences are unknown ex ante. Our results highlight that it is important to employ
structural estimation techniques that allow noise to depend on covariates (such as age, education
and cognitive ability) in addition to using a balanced design. While this approach requires an
extensive set of choice tasks, it enables the researchers to obtain signal-to-noise ratios for a given
set of choices.

We also have access to measures of age, gender and personality characteristics (Big Five
inventory) of the subjects on whom we elicit risk preferences. We find that age is more weakly
related to risk aversion when we do not let noise depend on age. However, when we allow age-
dependent noise, the negative relationship between risk aversion and age becomes more precisely
estimated. Plausibly, a higher amount of trembles among the old disguises the underlying

correlation between age and risk aversion. Other variables are less affected by decision noise. In

3 Evidence showing that those with low cognitive ability are more prone to make errors is abundant and, perhaps

unsurprisingly, rather clear. For example, Eckel (1999) finds that students with lower cognitive ability (measured
by GPA scores) tend to make more inconsistent choices across two measures of risk preferences (abstract vs.
context-rich). Similarly, Huck and Weizséacker (1999) find that subjects with low cognitive ability (measured by
math grades) behave more randomly in a lottery-choice experiment. Burks et al. (2009) and Dave et al. (2010)
find that subjects with low cognitive ability more often violate monotonicity by switching back and forth when
moving down the MPL.



particular, coefficient estimates of several personality traits are strikingly similar after allowing
for heterogeneous noise.

The rest of the paper is structured as follows. Section 2 explains the basic intuition for why
noisy decision making may create biased inference. Section 3 describes the experiments and our
measures of cognitive ability and personality. Section 4 presents the results from the main

specification, Section 5 discusses the main results and Section 6 concludes.

2. Experimental variation of bias induced by mistakes

This section explains how errors in decision making and the elicitation procedure interact to
create a bias. Depending on the choice task used, noise can bias estimates of risk preferences
either way. We illustrate this with reference to the two MPLs used in our study.

Table 1 shows the two price list used in our study. In each row, the decision maker chooses
between two lotteries, called Left and Right. Each lottery has two outcomes (Heads and Tails)
that are equally likely. For example, decision 1 in MPLL1 offers a choice between a relatively safe
lottery with a 50:50 chance of winning 30 or 50 Danish crowns (DKK), and a more risky lottery
with a 50:50 chance of winning 5 or 60 DKK. As we move down the lists, the expected value of
the Right lottery increases while it stays constant on the Left. A rational decision maker starts by
choosing Left and at some point switches to Right (and then never switches back).* The switch
point of a risk-neutral decision maker is printed in bold face and relatively “high up” (above the
middle row) in the list.

Table 1: MPL1 and MPL2

MPL 1 MPL 2
Left Right Left Right

Heads Tails Heads Tails Heads Tails Heads Tails
Decision 1 30 50 5 60 25 45 2 40
Decision 2 30 50 5 70 25 45 2 50
Decision 3 30 50 5 80 25 45 2 55
Decision 4 30 50 5 90 25 45 2 60
Decision 5 30 50 5 100 25 45 2 65
Decision 6 30 50 5 110 25 45 2 70
Decision 7 30 50 5 120 25 45 2 75
Decision 8 30 50 5 140 25 45 2 95
Decision 9 30 50 5 170 25 45 2 135
Decision 10 30 50 5 220 25 45 2 215

Notes: Bold face indicates decision at which a risk-neutral subject would switch from Left to Right. Payoffs are in DKK.

4 We assume monotonic preferences. Strongly risk-loving decision makers choose Right already at Decision 1.
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To illustrate the bias induced by noise in MPL1, assume that there are two types of individuals,
A and B, who are heterogeneous in their likelihood to make errors. For the sake of exposition, we
assume a simple error structure in which A-types are perfectly error-free, but B-types make a
mistake with probability e > 0 (and then pick between Left or Right at random), and choose the
lottery that maximizes expected utility with 1 - e. A straightforward way to measure risk
preferences is to count how often the decision maker chooses the (relatively safe) Left lottery.
When both types are risk neutral, it is optimal for everyone to switch at decision 3, meaning that
A-types make 2 safe choices while B-types make 2 + 3e safe choices in expectation.® Hence, B-
types on average appear to be risk averse despite being risk neutral (2 + 3e > 2 for e > 0). Now,
suppose for instance that cognitive ability is correlated with being prone to error, i.e., assume A-
types have higher cognitive ability than B-types. Then, any method of statistical inference that
does not take the heterogeneity of noise into account finds a spurious negative correlation
between cognitive ability and risk aversion, despite the fact that both types have the same true
risk preferences.

The right panel in Table 1 shows the second price list MPL2. It produces a positive (or no)
correlation between cognitive ability and risk aversion under the simple error structure described
above. When all decision makers are risk neutral, error-free A-types switch at Decision 6,
implying 5 safe choices. B-types make the same number of safe choices in expectation (but with
higher variance). However, if both A- and B-types are moderately risk averse (which is the typical
finding in the experimental literature), there is a positive relationship between cognitive ability
and risk aversion.

The model of errors presented above is referred to as the constant error model, or the tremble
model (Harless and Camerer 1994). Our argument above also holds for a broad range of
alternative error structures. For example, similar results obtain if we assume that B-types are
consistent in the sense that they do not switch back and forth between the two lotteries, but their
choice of switch point is stochastic. The same goes for assuming that B-types switch at a random
row with probability e and switch at their preferred row with probability 1-e. In the structural

estimation of Section 4 we use the more elaborate random parameter error structure suggested by

> On the first two rows, the decision maker chooses the Left gamble with probability (1 - e)*1 + e*0.5 =1 - 0.5e.
For the remaining 8 rows, the decision maker chooses Left only when he trembles, which gives a probability of
choosing the Left gamble of 0.5e. Taken together, this gives 2*(1 - 0.5e) + 8*0.5e = 2 + 3e.



Apesteguia and Ballester (2018) in addition to the tremble parameter. In the Online Appendix,
we also estimate a Luce random-utility model that includes a tremble parameter.

Taken together, the discussion above shows that, for plausible levels of risk aversion, smarter
people make more risky choices in MPL1 than others, but make less risky choices in MPL2 than
others, if people with high cognitive ability are less prone to noisy behavior. We therefore expect
a negative relation between risk aversion and cognitive ability in MPL1 and positive relation
between risk aversion and cognitive ability in MPL2. In Section 4 we demonstrate that the bias
is reduced by using a balanced design, i.e., by using a design that combines data from MPL1 and
MPL2. However, we argue that using a balanced designed might not be sufficient to eliminate
the bias, and the balanced design needs to be accompanied by structural estimation techniques

aimed at handling heterogeneous noise.

3. Experimental procedures and measures

This section describes the recruitment procedures, the risk task and other measures of interest
such as the cognitive ability test. Table A1 of Online Appendix A shows descriptive statistics for
the background variables and measures that we include in our analysis. The description in the
following paragraphs tracks the one in Andersson et al. (2016) very closely since we use the same

experiment.

1.1. Recruitment procedures
We use an online platform called iLEE (internet Laboratory for Experimental Economics)
developed at the University of Copenhagen. Recruitment was carried out by asking Statistics
Denmark (the Danish National Bureau of Statistics) to invite a random sample of adults (aged
18-80) residing in Denmark.® Invitation letters were sent out using regular mail. The recipients
were informed that they were randomly selected to participate in a scientific study in which they
could earn money (earnings were transferred via electronic bank transfer). They were provided
with a personal identification code and asked to use it to log on to the webpage of the study.

Our data comes from two experiments. In 2008, 2,334 participants participated in the first

experiment which included MPL1 and about one year later the same participants were invited to

¢ Random samples of the Danish population have previously been used for preference elicitation experiments by
for example Harrison, Lau and Rutstrém (2007) and Andersen et al. (2008).



participate in a second experiment which included MPL2. A total of 1,396 participants completed
the second experiment. The response rate was around 11% percent for MPL1 and around 60%
for MPL2, which is similar to other online experiments.” In our analysis, we restrict attention to
the 1,396 participants that completed both MPL1 and MPL2. The experiments also contained
other modules in addition to the ones we use in this paper (e.g., a public good game, a trust game

and survey questions).®

1.2. Risk elicitation tasks

The two risk elicitation tasks, MPL1 and MPL2, used different payoffs (see Table 1), but were
otherwise identical. In both experiments, subjects were informed that they would be asked to
make a series of choices between gambles and that one of the gambles would be selected for
payment after the experiment. The main difference between the tasks is that the switch point of a
risk neutral agent (printed in bold text in Table 1), comes further up in MPL1 compared to MPL2.
In line with the discussion in Section 2, a noisy risk-neutral participant will appear more risk
averse in MPL1 compared to MPL2. Screenshots and translations of the instructions are available
in Online Appendix B.

The results of Dave et al. (2010) show that participants with low level of numeracy have
difficulties in understanding MPL formats with varying probabilities. Hence, in order to make
the tasks easy to comprehend, which seemed important given the broad sample we targeted, we
used fixed 50-50 probabilities and instead varied the prizes (similar to Binswanger 1980 or
Tanaka, Camerer and Nguyen 2010). By keeping probabilities fixed, we do not address potential
effects from probability weighting (Quiggin 1982; Fehr-Duda and Epper 2012).

1.3. Measures of cognitive ability and personality

To measure cognitive ability, we employ a module of a standard intelligence test called “IST
2000 R”. The test items resemble Raven's Progressive Matrices (Raven 1938), and it provides a
measure of fluid intelligence which does not depend much on verbal skills or other kinds of

" Hoogedorn and Daalmans (2009) show that the overall total sample rate (essentially the share of people who
effectively participate as a share of recruited people) is 11.5 percent for the Center Panel at the University of
Tilburg which is also an internet-based panel used for online experiments as ours. Von Gaudecker et al. (2012)
investigate selection effects in the Center Panel and report that self-selection appears to have a minor impact on
estimated risk preferences.

8 iLEE has been used for studies on a broad range of topics such as cooperation behavior (Thoni et al. 2012 and
Fosgaard et al. 2014), eliciting social preferences (Hedegaard et al. 2018), political attitudes (Morton et al. 2016),
and risk taking on behalf of others (Andersson et al. 2013).



knowledge taught during formal education. The test consists of 20 tasks in which a matrix of
symbols has to be completed by picking the symbol that fits best from a selection presented to
subjects (see Online Appendix B for a screenshot). Subjects had 10 minutes to work on the tasks.
The Cognitive Ability (IST) score used in the analysis below is simply the number of tasks a
subject managed to solve correctly.®

The subjects also completed a Big Five personality test (administered after MPL1 but before
the current experiments) which is arguable the most prominent measurement system for
personality traits (see Almlund et al. 2011 for a review). The test organizes personality traits into
five factors: Openness to experience, Conscientiousness, Extraversion, Agreeableness, and
Neuroticism (also called by its obverse, Emotional stability). We used the Danish NEO-PI-R
Short Version which consists of five 12-item scales measuring each domain, with 60 items in

total.1° It takes most participants 10 to 15 minutes to complete the test.

4. Results

The results in Andersson et al. (2016) provide evidence that cognitive ability is related to mistake
propensities rather than to risk preferences. In this section, we start by corroborating this finding
by using structural estimation techniques. Thereafter, we demonstrate the usefulness of
combining a balanced design with econometric methods that allow mistakes propensities to be
heterogeneous. Indeed, we find no relation between risk preferences and cognitive ability when
we use a more balanced experimental design (by merging the data from MPL1 and MPL2)
together with an econometric specification that allows noise to depend on covariates. Yet,
consistent with our argument, we find a strong association between cognitive ability and the noise
parameters. Other covariates such as education and age are also related to noise. However, all
covariates do not correlate with the noise parameter and are, hence, more stable across
specifications. We discuss these findings in more detail in Section 5.

The behavioral noise of the decision process can be taken into account by estimating the risk
parameters using a structural model of choice. We estimate such a model under the assumption

®  See figure Al in Online Appendix A for a graph of the distribution of the IST scores in our sample.
10 The personality and cognitive ability tests are validated instruments developed by Dansk psykologisk forlag,
www.dpf.dk. We are grateful for permission to use the tests for our research.
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that individuals have constant relative risk-aversion (CRRA). That is, the utility function has the

following form

x1-v
€ ul) = 1—,
where y is the coefficient of relative risk aversion. The expected utility of a lottery A is simply
given by
EU(A) = z a)u(a) .
@ ) = ) p(@yu(a)

acA

We define the difference in expected utility between the lotteries Left (L) and Right (R) as
(3) AEU = EU(L) — EU(R) .

Acknowledging the stochastic nature of the decision making process, we follow Apesteguia
and Ballester (2018) who show that random parameter models represent a more robust alternative
compared to random utility models as they do not violate the monotonicity assumption.!
Assuming that the risk aversion parameter y is randomly affected by noise that follow a logistic

distribution, the probability of choosing L is given by

ry LR

(4) Pr(L)=(1-2w) + o,
e

Ty LR) + e

where y®R) js the value at which AEU is equal to zero, and 7 is a precision parameter,
determining the size of the random noise affecting y and @ a tremble probability capturing the
probability of making a random choice (see Apesteguia and Ballester 2018 for details about the
estimation procedure).

We estimate our baseline results such that risk aversion only depends on cognitive ability. In
a second step, we also allow for heterogeneity in the noise and tremble parameters 7 and w. The

results are presented in Table 2 and Table 3 respectively.'? To illustrate the effect of using

11 In the Online Appendix, we also estimate random utility models with the Luce (1959) error structures. Results
are qualitatively robust to using these specifications instead.

12 The level of risk aversion in our experiment is lower than in most previous studies. From a specification without
any covariates, we obtain a y estimate of 0.25 (0.30 in Experiment 1 and 0.24 in Experiment 2). For example,
Holt and Laury (2002) report that most of their subjects fall in the 0.3 to 0.5 range. Like us, Andersen et al. (2008)
also uses subjects that are randomly sampled from the Danish population and they obtain a mean CRRA estimate
of 0.7.



multiple MPLs, in Table 2, we report results from structural estimations without a heterogeneous
noise and tremble specifications (i.e., the noise and tremble terms only estimated with a constant).
The first two estimations, using only data from MPL1 or MPL2, confirm our previous
observations of opposite signs of the correlation between cognitive ability and risk aversion
(albeit non-significant in the latter estimation). The final columns show estimations where both
MPLs have been used. The fact that we still find a significant negative relationship, albeit smaller
than in MPL1, shows that using multiple MPLs with different implied switch points, is not
sufficient to eliminate the bias.

There are two potential ways to handle this further. The first is to use more MPLs with different
implied switch points. One obvious caveat with this strategy is that it is hard to ex ante know the

risk preferences of subjects, which is needed to cancel out the bias.
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Table 2: RPM estimates of risk preferences without heterogeneous noise

MPL1 MPL2 MPL1 + MPL2
14 T 2] V4 T w V4 T 2]
Cognitive ability -0.0148%** 0.00111 -0.00879*
[0.00456] [0.00329] [0.00474]
Female 0.0474 -0.00842 0.0302
[0.0331] [0.0219] [0.0318]
Age -0.00173 -0.000815 -0.00172*
[0.00109] [0.000796] [0.00102]
Education1 0.00638 -0.0138 -0.01000
[0.0534] [0.0395] [0.0520]
Education2 0.00422 -0.0319 -0.0330
[0.0532] [0.0375] [0.0536]
Education3 -0.0961* -0.0254 -0.0681
[0.0573] [0.0421] [0.0550]
Big5a 0.00607** 0.00492%** 0.00674%**
[0.00266] [0.00183] [0.00238]
Big5c 0.00698** -0.000150 0.00458*%
[0.00292] [0.00182] [0.00276]
Big5e -0.00353 -0.00269 -0.00480**
[0.00256] [0.00178] [0.00228]
Big5n 0.00339 -0.000439 0.00180
[0.00251] [0.00163] [0.00225]
Big50 0.00654** 0.00293* 0.00560%*
[0.00261] [0.00176] [0.00237]
Constant -0.0634 1.729%** 0.156%** 0.0193 2.819%** 0.304%** -0.0165 2.083*** 0.256%**
[0.196] [0.0433] [0.00721] [0.116] [0.0552] [0.00506] [0.179] [0.0230] [0.00462]
Observations 27,920 27,920 27,920 13,960 13,960 13,960 27,920 27,920 27,920

Notes: The estimations are based on the CRRA utility function. Educationl refers to participants degrees from high school and vocational school, Education2 represents tertiary education up to
4 years and Education3 tertiary education of at least 4 years. Participants with basic schooling (up to 10 years of schooling) are our baseline category. Big5a-Big5o0 refer to the scores of the
Big Five personality dimensions. Robust standard errors in brackets. *** p < 0.01, ** p <0.05, *p < 0.1.



Table 3: RPM-estimates of risk preferences with heterogeneous noise and trembling parameter

MPL1 MPL2 MPL1+MPL2
Y T @ Y T @ Y T @
Cogpnitive ability -0.0130%** 0.00360 -0.00615%* 0.00164 -0.00446 -0.0101%** -0.00654 0.0218%* -0.00906%**
[0.00420] [0.0209] [0.00290] [0.00352] [0.0279] [0.00154] [0.00431] [0.00885] [0.00143]
Female 0.0491 0.0315 0.00778 -0.00380 0.0806 0.0299%** 0.0314 -0.00778 0.0258***
[0.0337] [0.189] [0.0232] [0.0230] [0.156] [0.0103] [0.0290] [0.0579] [0.00968]
Age -0.00313%** -0.00970%* 0.00216%** -0.000553 -0.00292 0.00301%** -0.00186** -0.000173 0.00257***
[0.00105] [0.00484] [0.000747] [0.000937] [0.00744] [0.000370] [0.000934] [0.00202] [0.000339]
Educationl 0.0222 -0.300 -0.0933*** 0.00801 -0.0733 -0.0219 0.0256 -0.0696 -0.0369**
[0.0599] [0.283] [0.0302] [0.0379] [0.293] [0.0181] [0.0456] [0.113] [0.0154]
Education2 0.0115 -0.308 -0.0551** -0.0149 0.00885 -0.0338** -0.00142 -0.128 -0.0304**
[0.0631] [0.269] [0.0277] [0.0393] [0.289] [0.0168] [0.0472] [0.112] [0.0147]
Education3 -0.0560 -0.159 0.110%** -0.00424 -0.147 -0.0420%* -0.0301 -0.0196 -0.0697***
[0.0658] [0.275] [0.0281] [0.0517] [0.398] [0.0194] [0.0487] [0.119] [0.0165]
BigSa 0.00528** -0.0172 0.000194 0.00507** -0.0225 0.000904 0.00690%** -0.0117>* 0.00121
[0.00254] [0.0139] [0.00175] [0.00204] [0.0188] [0.000941] [0.00222] [0.00537] [0.000820]
Bigsc 0.00636** 0.00124 -0.000969 -2.57e-05 0.00462 -0.000863 0.00428* -0.00432 -0.000288
[0.00272] [0.0102] [0.00156] [0.00212] [0.0206] [0.000915] [0.00255] [0.00565] [0.000830]
BigSe -0.00334 0.00348 0.00104 -0.00286 -0.0152 0.000249 -0.00449*> 0.00231 0.000668
[0.00234] [0.00862] [0.00119] [0.00192] [0.0201] [0.000830] [0.00211] [0.00521] [0.000782]
Bigsn 0.00349 -0.00571 -0.000604 -0.00108 -0.00377 0.000392 0.00194 -0.00840* 0.000327
[0.00233] [0.0122] [0.00153] [0.00178] [0.0124] [0.000805] [0.00202] [0.00463] [0.000740]
BigSo 0.00462* -0.0140 0.000633 0.00340* 0.00225 -0.000191 0.00532** -0.00309 0.000851
[0.00254] [0.0151] [0.00217] [0.00174] [0.0130] [0.000792] [0.00220] [0.00558] [0.000714]
Constant 0.0598 3.0g5Hx 0.164 0.0221 4.056%** 0.255%** -0.0639 2.685%** 0.160%**
[0.190] [0.934] [0.106] [0.139] [1.272] [0.0648] [0.166] [0.408] [0.0541]
Observations 13,960 13,960 13,960 13,960 13,960 13,960 27,920 27,920 27,920

Notes: The estimations are based on the CRRA utility function. Educationl refers to participants degrees from high school and vocational school, Education2 represents tertiary education up to
4 years and Education3 tertiary education of at least 4 years. Participants with basic schooling (up to 10 years of schooling) are our baseline category. Bigba-Big5o0 refer to the scores of the Big

Five personality dimensions. Robust standard errors in brackets. *** p < 0.01, ** p <0.05, *p <0.1.
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5. Discussion

The OLS analysis in Andersson (2016) revealed a spurious relationship between risk aversion
and many of our control variables such as cognitive ability. The results of the structural model
corroborate these results and shed new light on the underlying correlation structure when properly

correcting for heterogeneous noise.

Table 4: Summary of estimated coefficients from Table 2 and 3

Homogenous noise Heterogenous noise
Y Y T (0]
Cognitive ability -0.00879* -0.00654 0.0218** -0.00906***
Female 0.0302 0.0314 -0.00778 0.0258**
Age -0.00172* -0.00186** -0.000173 0.00257***
Educationl -0.01 0.0256 -0.0696 -0.0369**
Education2 -0.033 -0.00142 -0.128 -0.0304**
Education3 -0.0681 -0.0301 -0.0196 -0.0697***
Big5a 0.00674*** 0.00690*** -0.0117** 0.00121
Big5c 0.00458* 0.00428* -0.00432 -0.000288
Big5e -0.00480** -0.00449** 0.00231 0.000668
Big5n 0.0018 0.00194 -0.00840* 0.000327
BigSo 0.00560** 0.00532** -0.00309 0.000851

Table 4 summarizes the coefficients from the estimations in Table 2 and 3 to get a better
overview. The leftmost column shows the estimated coefficients for the risk aversion parameter
from Table 2 using both MPLs. The two rightmost columns show estimated coefficients for the
risk and noise parameters in Table 3. Older subjects are more risk averse and display more noisy
behavior, and the highly educated exhibit less noisy behavior.*® Similar results have been reported
by von Gaudecker et al. (2011) in a study of risk preferences, and by Choi et al. (2014) in a study
of optimal consumer choice. These studies also find that the young are more consistent than the
old and (as discussed next) that subjects with high education are more consistent than those with

less education.

13 We do not find that gender is related to risk preferences in Table 3. This may come as a surprise given the earlier
literature (see for example Croson and Gneezy 2009 for a survey), but it should be noted that in a previous study
on the Danish population, Harrison et al. (2007) find no statistically significant gender differences in risk
aversion. However, in our study gender seems to be insignificant because our regressions include personality
variables which are known to systematically vary with gender (see, e.g., Schmitt et al. 2008). If we exclude the
Big5 variables, being female is significantly and positively related to risk aversion and to the noise parameter
(available upon request). That is, in contrast to cognitive ability, gender appears to be correlated with both risk
preferences and noisy decision making. This observation suggests that the often presumed gender difference in
risk taking may be far more complicated than previously thought.



A noteworthy pattern in the structural estimates is that age is more weakly related to the risk
aversion parameter when we do not let noise depend on age (see Table 3 and the Luce error
specification presented in the Online Appendix). But, when we allow for age-heterogeneous
noise, we observe a stronger negative relationship between age and the risk aversion parameter.
That is, it appears as if the fact that older subjects behave more nosily, and in particular tremble
more, masks an underlying negative relationship between utility curvature and age in our data.

Another remarkable side result of our structural estimations is that the significant relations
between the personality variables and risk aversion are almost unaffected by allowing noise to
depend on these observed characteristics. This indicates that the risk-aversion estimates robustly
relate to the subjects’” personalities. This appears intuitive as we have no strong reason to believe
that personality traits are strongly connected to noisy decision making. Rather, our results suggest
that preferences are linked to the subjects’ personalities (as captured by the Big Five variables).
Borghans et al. (2008) conclude that personality traits and cognitive ability are interrelated, but
that it is possible to econometrically separate them. Almlund et al. (2011) review the literature
relating the personality measures to risk preferences, and the findings are mixed. However, some
of the earlier studies are consistent with our results. In line with our results, Almlund et al. (2011)
report that in the data of Dohmen et al. (2010) agreeableness and openness are related to risk
preferences.

Related to the findings presented here, Crosetto and Filippin (2016) argue that decision noise
leads to bias in most elicitation tasks. Supporting evidence for this finding is presented by Vieider
(2018) who shows that the proposed relationship between violence and a preference for certainty,
suggested by Callen et al. (2014), appears to be spurious and driven by differences in noisy
decision making rather preferences. In a similar vein, Bruner (2017) argues that risk aversion
causes lower decision errors, which goes counter to the noise argument we propose. Their
estimation method builds on a two-step procedure where risk aversion is first estimated and then
this measure is correlated against propensities to choose dominated options in a second step.
However, the paper fails to recognize the argument made here, that the risk aversion estimate
may be biased by decision errors itself. That is, the risk preference measures from the first step
are also prone to bias. Indeed, in their elicitation task it can be shown that, for risk-averse decision
makers, higher error propensity leads to an overestimation of risk aversion in the first step,

implying that the direction of causality may go in the other direction.
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6. Conclusion

Establishing relationships between preferences and observable characteristics is inherently
difficult since observed choices may be driven by both preferences and bounded rationality. In
this paper, we corroborate previous results showing that behavioral noise causes biased inference
in risk elicitation tasks. Since such noise is strongly related to many important individual
characteristics such as education, age, and cognitive ability, the bias can lead to spurious inference
concerning the relationship between measured preferences and these characteristics.

We have argued that two central ingredients in any attempt to remedy the problem are: i) a
balanced design that involves multiple choice tasks, and ii) econometric techniques that allow for
heterogeneous noise. In particular, structural estimation with heterogeneity taken properly into
account is commendable. Our results show that using balanced designs (in our case pooling the
two skewed pricelists from Experiment 1 and Experiment 2) mitigates the bias but may not
entirely eliminate it. Structural models of choice allowing the noise to depend on covariates (such
as age, education and cognitive ability), in particular models that allow the researcher to estimate
both individual preference parameters and individual error propensities (see von Gaudecker et al.
2011 for an example of such models) seem promising. While this approach requires an extensive

set of choice tasks, it enables researchers to obtain signal-to-noise ratios for a given set of choices.

15



References

Almlund, Mathilde, Angela Lee Duckworth, James J. Heckman, and Timothy Kautz. 2011.
“Personality Psychology and Economics,” In Handbook of the Economics of Education, Vol.
4, ed. E. Hanushek, S. Machin, and L. Woessman, 1-181. Amsterdam: Elsevier.

Andersen, Steffen, Glenn W. Harrison, John Fountain, and E. Elisabet Rutstrom, 2014.
“Estimating Subjective Probabilities.”” Journal of Risk and Uncertainty, 48 (3): 207-229.

Andersen, Steffen, Glenn W. Harrison, Morten I. Lau, and E. Elisabet Rutstrom. 2006.
“Elicitation Using Multiple Price List Formats.” Experimental Economics 9 (4): 383-405.

Andersen, Steffen, Glenn W. Harrison, Morten I. Lau, and E. Elisabet Rutstrom. 2008.
“Eliciting Risk and Time Preferences.” Econometrica 76 (3): 583-618.

Andersson, Ola, Hakan Holm, Jean-Robert Tyran and Erik Wengstrém. 2013. “Risking Other
People's Money”, CEPR Discussion Paper 9743.

Andersson, Ola, Hakan Holm, Jean-Robert Tyran and Erik Wengstrém. 2016. “Risk Aversion
Relates to Cognitive Ability: Preferences or Noise?”” Journal of the European Economic
Association 14 (5): 1129-1154.

Apesteguia, J., and Ballester, M. A. 2018. “Monotone Stochastic Choice Models: The Case of
Risk and Time Preferences.” Journal of Political Economy 126 (1): 74-106.

Benjamin, Daniel J., Sebastian A. Brown, and Jesse M. Shapiro. 2013. “Who is ‘Behavioral’?
Cognitive Ability and Anomalous Preferences.” Journal of the European Economic
Association 11 (6): 1231-1255.

Binswanger, Hans P. 1980. “Attitudes toward Risk: Experimental Measurement in Rural India.”
American Journal of Agricultural Economics 62 (3): 395-407.

Borghans, Lex, Angela Lee Duckworth, James J. Heckman and Bas ter Weel. 2008. “The
Economics and Psychology of Personality Traits.” Journal of Human Resources 43 (4): 972—
1059.

Bruhin, Adrian, Helga Fehr-Duda and Thomas Epper. 2010. “Risk and Rationality: Uncovering
Heterogeneity in Probability Distortion.” Econometrica 78 (4): 1375-1412.

Bruner, David M. 2017. “Does Decision Error Decrease with Risk Aversion?” Experimental
Economics 20 (1): 259-273.

Burks, Stephen V., Jeffrey P. Carpenter, Lorenz Goette, and Aldo Rustichini. 2009. “Cognitive
Skills Affect Economic Preferences, Strategic Behavior, and Job Attachment.” Proceedings
of the National Academy of Sciences 106 (19): 7745-7750.

16



Callen, Michael, Mohammad lIsagzadeh, James D. Long, and Charles Sprenger 2014. “Violence
and Risk Preference: Experimental Evidence from Afghanistan.” American Economic
Review 104 (1): 123-148.

Choi, Syngjoo, Shachar Kariv, Wieland Miller, and Dan Silverman. 2014. “Who is (More)
Rational?” American Economic Review 104 (6): 1518-1550.

Crosetto, Paolo and Antonio Filippin. 2016. A Theoretical and Experimental Appraisal of four
Risk Elicitation Methods. Experimental Economics 19 (3): 613-641.

Croson, Rachel and Uri Gneezy. 2009. “Gender Differences in Preferences.” Journal of
Economic Literature 47 (2): 448-474.

Dave, Chetan, Catherine C. Eckel, Cathleen A. Johnson, and Christian Rojas. 2010. “Eliciting
Risk Preferences: When is Simple Better?” Journal of Risk and Uncertainty 41 (3): 219-243.

Dohmen, Thomas, Armin Falk, David Huffman, and Uwe Sunde. 2010. “Are Risk Aversion
and Impatience Related to Cognitive Ability?” American Economic Review 100 (3): 1238-
1260.

Eckel, Catherine. 1999. Commentary on “The Effects of Financial Incentives in Experiments: A
Review and Capital-Labor Production Framework.” Journal of Risk and Uncertainty 19 (1-
3): 47-48.

Fehr-Duda, Helga and Thomas Epper. 2012. “Probability and Risk: Foundations and Economic
Implications of Probability-Dependent Risk Preferences.” Annual Review of Economics 4
(1): 567-593.

Fosgaard, Toke R., Lars G. Hansen, and Wengstrém, Erik, 2014. ”Understanding the Nature of
Cooperation Variability.” Journal of Public Economics 120: 134-143.

von Gaudecker, Hans-Martin, Arthur van Soest, and Erik Wengstrom. 2011. “Heterogeneity in
Risky Choice Behavior in a Broad Population.” American Economic Review 101 (2): 664—
694.

von Gaudecker, Hans-Martin, Arthur van Soest and Erik Wengstrém. 2012. “Experts in
Experiments: How Selection Matters for Estimated Distributions of Risk Preferences.”
Journal of Risk and Uncertainty 45 (2): 159-190.

Harless, David W. and Colin F. Camerer. 1994. “The Predictive Utility of Generalized
Expected Utility Theories.” Econometrica 62 (6): 1251-1289.

Harrison, Glenn W., Morten I. Lau and E. E Elisabet Rutstrom. 2007. “Estimating risk attitudes
in Denmark: A Field Experiment.” Scandinavian Journal of Economics 109 (2): 341-368.

Harrison, Glenn W. and E. Elisabet Rutstrom. 2008. “Risk Aversion in the Laboratory.” in
James C. Cox, Glenn W. Harrison (ed.): Risk Aversion in Experiments (Research in
Experimental Economics, Volume 12). Bingley, UK: Emerald. 41-196.

17



Hedegaard, Morten, Daniel Mueller, Rudolf Kerschbamer, and Jean-Robert Tyran. 2018.
“Distributional Preferences Explain Individual Behavior Across Games and Time”. Mimeo.

Hey, John D. and Chris Orme. 1994. “Investigating Generalizations of Expected Utility Theory
Using Experimental Data.” Econometrica 62 (6): 1291-1326.

Hey, John D., Gianna Lotito, and Anna Maffioletti. 2010. “The Descriptive and Predictive
Adequacy of Theories of Decision Making under Uncertainty/Ambiguity.” Journal of Risk
and Uncertainty 41 (2): 81-111.

Holt, Charles A. and Susan K. Laury. 2002. “Risk Aversion and Incentive Effects.” American
Economic Review 92 (5): 1644-1655.

Hoogendoorn, Adriaan and Jacco Daalmans. 2009. “Nonresponse in the Recruitment of an
Internet Panel Based on Probability Sampling.” Survey Research Methods 3 (2): 59-72.

Huck, Steffen and Georg Weizsacker. 1999. “Risk, Complexity, and Deviations from Expected-
Value Maximization: Results of a Lottery Choice Experiment.” Journal of Economic
Psychology 20 (6): 699-715.

Luce, R. Duncan. 1959. “Individual Choice Behavior”. New York: Wiley.

Moffatt, Peter and Simon Peters. 2001. “Testing for the Presence of a Tremble in Economic
Experiments.” Experimental Economics 4 (3): 221-228.

Morton, Rebecca, Jean-Robert Tyran and Erik Wengstrom. 2016. “Personality Traits and the
Gender Gap in Ideology” 2016, Gallego, M. and Schofield, N. (eds.): The Political Economy
of Social Choices. Springer.

Quiggin, John. 1982. “A Theory of Anticipated Utility.” Journal of Economic Behavior &
Organization 3 (4): 323-343.

Raven, J. John. 1938. “Progressive Matrices: A Perceptual Test of Intelligence.” London: H.K.
Lewis.

Saha, Atanu. 1993. “Expo-power utility: A Flexible Form for Absolute and Relative Risk
Aversion.” American Journal of Agricultural Economics 75 (4): 905-913.

Schmitt, David P., Anu Realo, Martin Voracek, and Jiri Allik. 2008. “Why Can't a Man Be
More Like a Woman? Sex Differences in Big Five Personality Traits Across 55 Cultures.”
Journal of Personality and Social Psychology 94 (1): 168-182.

Tanaka, Tomomi, Colin F. Camerer, and Quang Nguyen. 2010. “Risk and Time Preferences:
Linking Experimental and Household Survey Data from Vietnam.” American Economic
Review 100 (1): 557-571.

Thoni, Christian, Jean-Robert Tyran, and Erik Wengstrém. 2012. “Microfoundations of Social
Capital.” Journal of Public Economics 96 (7-8): 635-643.

18



Vieider, Ferdinand. 2018. “Certainty Preference, Random Choice, and Loss Aversion. A

Comment on "Violence and Risk Preference: Experimental Evidence from Afghanistan™.
American Economic Review 108 (8): 2366-2382.

Wilcox, Nathaniel T. 2008. “Stochastic Models for Binary Discrete Choice under Risk: A
Critical Primer and Econometric Comparison.” in James C. Cox, Glenn W. Harrison (ed.)
Risk Aversion in Experiments (Research in Experimental Economics, Volume 12). Bingley,
UK: Emerald. 197-292.

Wilcox, Nathaniel T. 2011. “Stochastically More Risk Averse: A Contextual Theory of
Stochastic Discrete Choice under Risk.” Journal of Econometrics 162 (1): 89-104.

19



Online Appendix

“Robust inference in risk elicitation tasks™

by Ola Andersson, Hakan J. Holm, Jean-Robert Tyran and Erik Wengstrom

This document provides supplementary information to the paper “Robust inference in risk elicitation
tasks using structural estimation techniques”. The Appendix is organized into two parts. The first part
(A) provides descriptive statistics of the variables we use in our analysis. The second part (B) contains
screenshots and translations of the instructions.

A. Descriptive statistics and estimations using random utility models

Figure Al. Distribution of the cognitive ability score (IST)

Lo
—l

Density

.05

0 5 10 15 20
Cognitive ability score

Notes: The histogram is based on the subjects used in our main analysis. Number of observations =
1,396; Mean cognitive ability score = 8.8; Median cognitive ability score = 9.
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Table A.1: Summary statistics of control variables

Variable # Obs Mean Std. Dev. Min Max

Cogpnitive ability 1,396 8.833 3.200 0 19
Female 1,396 0.478 0.500 0 1
Age 1,396 47.128 14.761 18 80
Educationl 1,396 0.266 0.442 0 1
Education2 1,396 0.463 0.499 0 1
Education3 1,396 0.168 0.374 0 1
Bigba 1,396 32.256 5.513 5 46
Big5c 1,396 33.176 5.533 9 47
Big5e 1,396 30.430 6.252 6 48
Big5n 1,396 19.145 7.048 1 46
Big50 1,396 27.041 6.150 8 46

Notes: The sample consists of subjects completing both MPL1 and MPL2. Cognitive ability measured using
the IST test. Educationl refers to participants degrees from high school and vocational school, Education2
represents tertiary education up to 4 years and Education3 tertiary education of at least 4 years. Participants
with basic schooling (up to 10 years of schooling) are our baseline category. Big5a-Big5o refer to the scores
of the Big Five personality dimensions.

Structural estimation using random utility models

This section presents estimates from a random utility model building on the Luce error structure
(introduced by Luce 1959 and popularized by Holt and Laury 2002), adding a tremble parameter
that captures the interpretation of errors laid out in Section 2.

In the example in Section 2, we introduced noise as a probability to randomly choose between
the options. We here estimate this particular noise model explicitly using maximum likelihood
techniques. More precisely, we assume that with probability » an individual chooses at random
between the two lotteries Left (L) and Right (R) and with probability (1- w). In addition the
individual evaluates the utility difference with an error that follows a type | extreme value
distribution (Luce 1959), i.e a random utility model. This gives rise to the following probability
of choosing L:

EU(L)V* L@
EU(L)Y* + EU(R)YT * 2

Pr(L) = (1 - w)

We estimate these two specifications using maximum likelihood, including data from both
MPL1 and MPL2 and the results are presented in Table A2. Again, in the first model in each
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table, only the risk aversion parameter y depends on cognitive ability and other covariates. Again,
we observe that y is (borderline) significantly related to cognitive ability when we do not let the
noise parameter depend on cognitive ability (p = 0.008 in the Luce specification and p = 0.12 in
the contextual utility specification). When we allow also the noise parameters to depend on the
cognitive ability, we confirm our previous findings. Cognitive ability is significantly related to
the noise parameters but not to the risk aversion parameter. In particular, cognitive ability appear
to be strongly related the tremble parameter w. A one standard deviation increase in cognitive
ability decreases the propensity to tremble with 5 to 6 percentage points (amounting to a 15-19
percent decrease for the median subject).

14 This ignores the indirect effects due to the relationship between cognitive ability and z, so it can be seen as a
lower bound of the effects.
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Table A2: Estimates of risk preferences and noisiness, Luce model with trembles

@ 0]
VARIABLES y W T y W T
Cognitive ability ~ -0.0123*** -0.00588 -0.0185***  -0.00226*
[0.00464] [0.00404] [0.00450] [0.00120]
Female 0.0382 0.0175 0.0669*** -0.00549
[0.0309] [0.0293] [0.0259] [0.00780]
Age -4.49e-05 -0.00182* 0.00553***  0.000602*
[0.00108] [0.00106] [0.000852] [0.000327]
Educationl -0.0158 0.0324 -0.0269 -0.0175
[0.0496] [0.0455] [0.0442] [0.0163]
Education2 -0.0216 0.0239 -0.0391 -0.00722
[0.0505] [0.0456] [0.0419] [0.0164]
Education3 -0.0846 -0.0103 -0.106** -0.0226
[0.0534] [0.0466] [0.0453] [0.0165]
Bigba 0.00762*** 0.00804***  -0.00115 0.00108
[0.00231] [0.00206] [0.00215] [0.000689]
Big5c 0.00467* 0.00460* 0.000207 -0.000534
[0.00267] [0.00250] [0.00251] [0.000656]
Bigbe -0.00530** -0.00492**  -0.00337 0.00146**
[0.00241] [0.00233] [0.00223] [0.000628]
Bigbn 0.00147 0.00207 -0.00184 0.00122**
[0.00205] [0.00209] [0.00217] [0.000618]
Big50 0.00680*** 0.00511** 0.00410* -0.000950
[0.00217] [0.00243] [0.00230] [0.000640]
Constant -0.0549 0.266*** 0.122*** -0.0688 0.269* 0.0603
[0.162] [0.0180] [0.0067] [0.155] [0.144] [0.0447]
Observations 27,920 27,920 27,920 27,920 27,920 27,920

Notes: The sample consists of subjects completing both MPL1 and MPL2.The estimations are based on the CRRA utility
function. Cognitive ability measured using the IST test. Educationl refers to participants degrees from high school and
vocational school, Education2 represents tertiary education up to 4 years and Education3 tertiary education of at least 4 years.
Participants with basic schooling (up to 10 years of schooling) are our baseline category. Big5a-Big5o refer to the scores of
the Big Five personality dimensions. Age is divided by 100. Robust standard errors in brackets. *** p < 0.01, **p < 0.05, * p

<0.1.
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B. Experimental instructions and screen shots

Screenshot S1: Experimentl, Risk Preference Elicitation Task, Instructions

iLEE Internet Laboratoriet for Eksperimentel @konomi

Instruktioner - Plat eller krone spillet

Pa de nzeste to skeerme bedes du gentagne gange vaelge mellen to spil

Du bedes angive, om du foretraekker spillet til VENSTRE eller til HGJRE. Hvert spil har to mulige udfald: PLAT eller KRONE.
Chancen for begoe udfald er lige stor, dvs. at der i hvert spil er 50% chance for, at udfaldet er PLAT og 50% chance for, at udfaldet
er KRONE. Hvis udfaldet hliver plat, far du PLAT-udfaldet af det spil, du har valgt, og hvis det bliver krone, far du KRONE-udfaldet
Der er ikke nogen rigtige eller forkerte svar. Valg blot det spil, du foretrekker.

Eksempel:

Jeg foretrazkker
SPIL VENSTRE SPIL HEIRE

PLAT KROME  Spillet til venstre Spillet til hsjre PLAT KROME
Taber 10 kr. “inder 80 kr.

Beslutning 1 “inder 30 kr. Vinder 50 kr.

Hvis du weslger spillet til VENSTRE i eksemplet ovenfor, winder du 30 kroner, hvis menten lander pd PLAT, og du vinder 50 kroner,
fvis den lander pa KRONE. Hyvis du vaelger spillet til HOJRE, faber du 10 kroner, hvis manten lander pa PLAT, hvarimod du vinder 80
kroner, fvis den lander pa KRONE

P4 de falgende to skasrme kommer to tabeller, frvor du i hver raskke bedes vaslge melem spil, der ligner derm i eksemplet. Du skal | alt
foretage 17 valg

Mar du har truffet alle valg, vil én af de 17 raekker | de to tabeller tifzidigh blive uckvalgt. Alle raskker har samme chance for at biive
udvalgt. | den udvalgte raskke vil det spil, du har valgt, blive spillet — det il sige, at der vil blive sidet plat eller krone om det
pagzeldende spils ucfald, Herefter bliver din gevinst fajet til din indtjening, Nogle af raskkerne kan imidlertid medfere tab, Hvis den
udvalgte raskke medferer et tab, vil det tabte belsh blive trukket fra din totale indtjening | eksperimentet

(C) 2007 Centre for Experimental Economics
Kebenhavns Universitet, @konomisk Institut
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Translation S1: Experiment 1, Risk preference elicitation task, Instructions

Instructions - The heads or tails game.

In the two following screens, please choose between two lotteries.

Please state, whether you prefer the lottery to the LEFT or to the RIGHT. Each lottery has two
possible outcomes: HEADS or TAILS. The chances of getting either one are equally big, i.e. each
lottery has a probability of 50 percent for HEADS and a probability of 50 percent for TAILS. If the
outcome is HEADS, you will receive the HEADS outcome of your chosen lottery. If the outcome is
TAILS, you will receive the TAILS outcome of your chosen lottery. There is no right or wrong
answer. Just choose the lottery you prefer.

For example:
| prefer
LEFT LOTTERY RIGHT LOTTERY
HEADS TAILS The Left The Right HEADS TAILS
Lottery Lottery
Decision 1 Win 30 kr. Win 50 kr. Lose 10 kr. Win 80 kr.

If you choose the lottery to the left in the example above: you will win 30 kroner if the coin shows
HEADS; and you will win 50 kroner if the coin shows TAILS. If you choose the lottery to the right: you
will lose 10 kroner if the coin shows HEADS; and you will win 80 kroner if it shows TAILS.

In the following two screens, there will be two tables, where you will be asked to choose between
lotteries similar to the ones in the example. In total, you have to make 17 choices.

When you have made all you choices, one of the 17 rows will be randomly selected. All the rows have
the same probability of being chosen. In the selected row, the lottery you have chosen will be played out
—which means a coin will be flipped to determine the outcome of the lottery. Thereafter, your earnings
will be added to your income. However, some of the rows can bring losses. If the selected row induces a
loss, that loss will be deducted from your total income in the experiment.

Continue
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Screenshot S2: Experiment 1, Risk Preference Elicitation Task, Price List 1

iLEE Internet Laboratoriet for Eksperimentel @konomi mm

Plat eller krone spillet - Tabel 1

Angry venligst for frver raskke, orm du foretraskker SPIL VENSTRE eller SPIL HEURE.

Jeg foretraekker
SPIL YENSTRE SPIL HEIRE

PLAT KROME Spillet til venstre  Spillet til hajre PLAT KROKE
Beslutning 1 “inder 30 kr.  “%inder 80 kr. “indera kr.  Winder B0 kr.
Beslutning 2 “inder 30 kr. Vinder &0 kr. Vinder & kr. Winder 70 kr.
Beslutning 3 Vinder 30 kr. Yinder 50 kr. Yinder & ke Vinder 80 kr.
Beslutning 4 Yinder 30 kv, Winder 50 kr Yinder & ke Vinder 90 kr.
Beslutning 5 “inder 30 kr. “inder 50 kr. Yinder 5 ke Vinder 100 kr.
Besluthing 5 “inder 30 kr. inder 50 kr. Yinder 5 ke Winder 110 kr.
Beslutning 7 “inder 30 kr. Vinder 50 kr. Vinder 5 ke Winder 120 kr.
Beslutning & Vinder 30 k. “inder 50 kr. Winder 5 kr. Winder 140 kr.
Beslutning 9 “inder 30 kr. “inder 50 kr. Yinder 3 ke, Winder 170 kr.
Beslutning 10 “inder 30 kr. inder 50 kr. Yinder 5 ke, Winder 220 kr.

0000 a00a000
oiic s Hleife e ibe e o fie]

| Bekraft dine beslutninger

Translation S2: Experiment 1, Risk Preference Elicitation Task, Price List 1
The Head or Tails game — Table 1

For each row, please state if you prefer the LEFT LOTTERY or the RIGHT LOTTERY.

| prefer
LEFT LOTTERY RIGHT GAME
HEADS TAILS The left The right lottery HEADS TAILS
lottery

Decision 1 Win 30 kr. Win 50 kr. Win 5 kr. Win 60 kr.
Decision 2 Win 30 kr. Win 50 kr. Win 5 kr. Win 70 kr.
Decision 3 Win 30 kr. Win 50 kr. Win 5 kr. Win 80 kr.
Decision 4 Win 30 kr. Win 50 kr. Win 5 kr. Win 90 kr.
Decision 5 Win 30 kr. Win 50 kr. Win 5 kr. Win 100 kr.
Decision 6 Win 30 kr. Win 50 kr. Win 5 kr. Win 110 kr.
Decision 7 Win 30 kr. Win 50 kr. Win 5 kr. Win 120 kr.
Decision 8 Win 30 kr. Win 50 kr. Win 5 kr. Win 140 kr.
Decision 9 Win 30 kr. Win 50 kr. Win 5 kr. Win 170 kr.
Decision 10 ~ Win 30 kr. Win 50 kr. Win 5 kr. Win 220 kr.

Confirm your decisions
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Screenshot S3: Experiment 1, Raven progressive matrices — instruction

iLEE Internet Laboratoriet for Eksperimentel @konomi

Instruktioner - Logiske Opgaver
Du er nzzsten feerdig med eksperimentet. Det sidste, wivil bede dig om, er at lese nogle logiske opgaver

P3 hver af de falgende opgaver vil du everst se et bilede, som mangler en figur. Under billedet ser du fem figurer, hvaraf en
fuldender billedet. Du bedes finde ud af, fvilken af de fern valgmuligheder, som skal indsasttes | stedet far spergsmélstegnet i billedet

Eksempel 1

o N

| den sverste raskke af billedet | eksempel 1 bliver den lille hvide firkant til en stor sort firkant. Derfor ma den lile hvide cirkel | nederste
rackke blive til en stor sort cirkel. Det korrekte svar i eksempel 1 er altsa "Svar 2°

Eksempel 2

W S v ¢ ¢

Svar 1

| eksempel 2 bliver trekanten i everste raskke af billedet spejlet horisontalt (frekanten bliver vendt pd howedet) og bliver sort. Derfor
skal rektanglet | nederste raskke 0gsa spejles horisontalt og klive sort. Det korrekte svar | eksempel 2 er altsa "Svar 4"

Svar 2 Gwar 3

Hver opgave har en logisk korrekt lesning. For hver opgave skal du Kikke pa den svar mulighed, du mener er den rigtige, herefter
skal du trykke pd Bekrastt svar for, at dit svar bliver registeret.

D har praecis 10 minutter til at l@se 53 mange af apgaverne som muligt, derefter afsiuttes del 3 automatisk. Forvent ikke at nd at
lese alle opgaverne | lghet af de 10 minutter kan du ga frem og tilbage mellem opgaverne, og du har mulighed for at
®&ndre dine svar. Du kan ga frem og tibage | opgaverne pa to mader. 1) Incen for de 10 minutter vil oo kunne se en oversigtslinge |
bunden af skaermen. Ved at trykke pa tallene pd den linje, kan du komme til den snskede opgave 23 | iver ende af oversigslinien kan
du ogsé trykke pa enten frem eller tilbage pilene

Du kan til enhver tid forlade de logiske opgaver, selvom de 10 minutter ikke er gdet. Skulle du snske dette, trykker du blot pa
Afslut opgaverne.

Mar du er Klar til at 93 | gang med at lsse opgaverne, tryk da Start opgaver. Mar de 10 minutter er gaet, afsiuttes de logiske opgaver
automatisk. Bemzsrk, at safremt du logger Ld undervejs og vender tilbage senere, vil du ikke have mulighed for at fortsestte de logiske
opgaver, men vil kamme videre til afslutningen af eksperimentet

oht =f o=

{C) 2007 Centre for Experimental Economics
Kebenhavns Universitet, @konomisk Institut
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Translation S3: Experiment 1, Raven progressive matrices — instructions
Instructions - Logical problems.
You are almost done with the experiment. The last task we ask of you is to solve some logical problems.

At the top of each of the following problems, you will see a picture that is missing a figure. Below the
picture you will see five figures, one of which completes the picture. Please determine which one of the
five possible answers should be inserted to replace the question mark in the picture.

Example 1

In the top row of the picture in example one, the small white square becomes a big black square. Thus
the small white circle in the bottom row will become a big black circle. The correct solution in example
1 is therefore “Answer 2”

Example 2

In example 2, the triangle in the top row was mirrored horizontally (the triangle was turned upside
down) and colored black. Thus, the rectangle in the bottom row should also be mirrored horizontally and
colored black. The correct solution example in example 2 is therefore “Answer 4”

Each problem has one logical solution. In each problem you have to click on the answer you believe is
correct, and then press Confirm Solution for your answer to be registered.

You have exactly 10 minutes to solve as many of the problems as possible, and then part 3 will be
automatically finished. Do not expect to solve all the problems. During the 10 minutes, you can skip
back and forth between the problems and you have the possibility of changing your answers. You
can skip between the problems in two ways. 1) During the 10 minutes you will see an overview line at
the bottom of the screen. By pressing the numbers on that line, you can jump to the desired problem. 2)
At the ends of the overview line you can press either the forward or back arrows.

You can leave the logical problem anytime you wish, even though the 10 minutes have not passed.
Should you wish to do so, just press Finish Problems.

When you are ready to start solving the problems, press Start problems. When the 10 minutes have

passed, the problems will end automatically. Note, that if you log out on the way and return later, you

will not be able to continue the logical problems, but will be taken to the finish the experiment stage.
Start Problems
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Screenshot S4: Experiment 1, Raven progressive matrices — decision

liLEE Internet Laboratoriet for Eksperimentel @konomi m

Opgave: 9

©®
© ?
N IAGREAN

Osvar1 OSvar2 OZvar3 OSward OSvars

=[] B B & [ [ & [ (] o] [u] (2] (5] (6] () (s (] (] (o] (2] =]

‘ Afslut Logiske Opgaver

Translation S4: Experiment 1, Raven progressive matrices — decision
Confirm you answer
<< 1-2-3-4-5-6-7-8-9-10-11-12-13-14-15-16-17-18-19-20 >>

Finish Logical Problems
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Screenshot S5: Experiment 1, Personality traits

iLEE Internet Laboratariet for Eksperimentel @konomi

Nogle udsagn om dig

P4 denne og de felgende to skeerme finder du en reskke udsagn. Laes hvert udsagh ombyggeligt og marker, hvor godt det passer pa
dig

Szet en markering i

"Meget uenig” hvis udsagnet er 100 % forkert, eller du er meget uenig

"Uenig” hwis udsagnet stort set er farkert, eller hvis du er uenig.

"Neuts hvis udsagnet hwerken er saerlig rigtigt eller forkert, eller hvis du er i tvivl eller er neutral over for udsagnet
"E hwis udsagnet stort set er rigtigt, eller hvis du er enig.

"Meget enig” hvis udsagnet er 100 % rigtigt, eller du er meget enig

Deer er ingen rigtige eller forkerte svar, og besvarelse af spergsmalene forudssetter ingen sserlig viden. Besvar alle spergsmal og
feskriv dig sehy 53 zerligt og prascist sam muligh

Iu'leg.et Uenig Neutral Enig Meqet
uenig enig
lan ar kandt for min dsmmakraft on conda fornoft I m ) e m
The questions are copyright protected and we are not allowed to reproduce them.
MOglE MENRBSKEr ANSer mig Tor at vasre Kold 0y beregnende @] (4] O @] Q
Meg_el Uenig Neutral Enig Meqel
uenig enig

Bekraft dine besluthinger

arb tilladelse. O giE;
(C) 2007 Centre for Experimental Economics
Kebenhavns Universitet, @konomisk Institut
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Translation S5: Experiment 1, Personality traits

Some statements about you

In this and the following screens, you will find a number of statements. Read each of the statements
carefully and mark how well they fit you.

Mark either:
“Disagrees a lot” if the statement is 100 percent incorrect or you disagree a lot.
“Disagrees” if the statement is wrong on the whole or if you disagree.

“Neutral” if the statement is neither very wrong nor right, or if you are in doubt or neutral towards the
question.

“Agrees” if the statement is correct on the whole, or if you agree.
“Agrees a lot” if the statement is 100 percent correct, or if you agree a lot.

There are no right or wrong answers, and the completion of the questions does not presume any special
knowledge. Answer all the questions and describe yourself as honestly and precisely as possible.

Disagrees a lot Disagrees | Neutral | Agrees | Agrees a lot

Disagrees a lot Disagrees | Neutral | Agrees | Agrees a lot

Confirm your decisions
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Screenshot S6: Experiment 2, Risk Preference Elicitation Task, Instructions

'iLEE Internet Laboratoriet for Eksperimentel @konomi

Valg mellem plat eller krone-spil

| tredje del af sidste ars eksperiment skulle du gentagne gange foretage valg
mellem to forskellige spil plat eller krone. Denne avelse ensker vi nu at
gentage med nogle andre udfald. Her kommer en genopfriskning af
instruktionerne:

Angiv, om du foretrakker spillet til VENSTRE eller spillet til HSJRE.
Hvert spil har to mulige udfald, PLAT eller KRONE. Udfaldet afgares tilfaldigt,
og begge udfald er lige sandsynlige. Hvis udfaldet er PLAT, far du resultatet
angivet neden under PLAT. Hvis udfaldet er KRONE, far du resultatet neden
under KRONE.

Der er ingen rigtige eller forkerte svar. Du skal blot vaeige de spil,
som du foretrakker.

| alt vil du blive bedt om at foretage 20 valg. En af de 20 rakker vil blive
tilfaeldigt udvalgt til betaling. Alle razkkerne har samme sandsynlighed for at
blive udvalgt. For den udvalgte rakke vil dit foretrukne spil blive spillet, og
udfaldet PLAT eller KRONE vil bestemme din indfjening. Nogle af raskkerne
kan udlgse tab, som i givet fald vil blive trukket fra din samlede indtjening i
eksperimentet.

Her kommer et eksempel.

EKSEMPEL

Jeg foretraskker
VENSTRE HBJRE
KRONE PLAT Spillet til Spillet til KROME PLAT
VENSTRE H@JRE

Beslutning 1 Vind 25 k. Vind 45 kr. Vind 2 k. Vind 40 kr.

Hvis du vazlger spillet til VENSTRE, vinder du 25 kr., hvis udfaldet er KRONE,
og 45 kr_, hvis udfaldet er PLAT. Hvis du valger spillet til HGJRE. vinder du 2
kr., hvis udfaldet er KRONME., men vinder 40 kr_, hvis udfaldet er PLAT.

(C) 2009 Center for Eksperimentel Skonomi
@konomisk Institut, Kebenhavns Universitet
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Translation S6: Experiment 2, Risk preference elicitation task, Instructions
Choose between Heads and Tails lotteries

In the third part of last year’s experiment, you made a series of choices between two lotteries. We now
would like you to repeat this task, but with somewhat different outcomes. There follows a repetition of
the instructions.

Please state, whether you prefer the lottery to the LEFT or to the RIGHT. Each lottery has two
possible outcomes: HEADS or TAILS. The outcome is randomly determined, and each outcome is
equally likely. If the outcome is HEADS, you will receive the outcome stated below HEADS. If the
outcome is TAILS, you will receive the outcome stated below TAILS.

There is no right or wrong answer. Just choose the lottery that you prefer.

You will be asked to make a total of 20 choices. One of the 20 rows will be randomly selected for
payment. All rows have the same probability of being chosen. In the selected row, the lottery you have
chosen will be played out and the outcome HEADS or TAILS will determine your earnings. Some of the
rows can bring losses, which will be deducted from your total income in the experiment.

Here is an example:

| prefer
LEFT LOTTERY RIGHT LOTTERY
HEADS TAILS The Left The Right HEADS TAILS
Lottery Lottery
Decision 1 Win 25 kr. Win 45 kr. Win 2 kr. Win 40kr.

If you choose the LEFT lottery, you will win 25 kroner if the coin shows HEADS, and 45 kroner if the
coin shows TAILS. If you choose the RIGHT lottery, you will win 2 kroner if the coin shows HEADS,
but you will win 40 kroner if the outcome is TAILS.

Continue
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Screenshot S7: Experiment 2, Risk Preference Elicitation Task

Gense .
1 Internet Laboratoriet for Eksperimentel @konomi . . H El
mStTUktloner ik

Valg mellem plat eller krone-spil (1/2)

Angiv dine foretrukne spil

Jeg foretraskker
VENSTRE HBJRE

KRONE PLAT Spillet til Spillet KROMNE PLAT
VENSTRE HBTRE

?Es\ulning t’r\nd 25 :-’n\_nlilr t’r\nd 2 :[iﬂd 40
2Bes\utning t’r\nd 25 :-’:\_]nlilr t’r\nd 2 E’rind 50
?es\utning t’r\nd 25 :-’:\_]nlilr :.qmd 2 E’rind 55
4Bes\utning }‘-’r\nd 25 :;lnﬂr t’r\nd 2 E’rind 60
l?les\utning Vind 25 \-’l|1d Vind 2 Vind 65
Eles\ummg E’End 25 EZHE: E’End 2 E’End 70
?es\ulnmg t’r\nd 25 X;,"”Er :;-’rmd 2 E’rmd 75
Ees\ulnmg t’r\nd 25 :‘;‘fr :,qmd 2 E’rmd 95
gBes\ulning t’r\nd 25 :-’n\_nlilr :,qmd 2 Y;nﬁrlkr
I?;s\utning t’r\nd 25 :-’:\_]nlilr tr\nd 2 ;filédkr

Indsend svar

Translation S7: Experiment 2, Risk Preference Elicitation Task

Choose between Head or Tails lotteries — (1/2)
Please state which lotteries you prefer.

| prefer
LEFT LOTTERY RIGHT GAME
HEADS TAILS The left The right lottery HEADS TAILS
lottery

Decision1  Win 25 kr. Win 45 kr. Win 2 kr. Win 40 kr.
Decision 2 Win 25 kr. Win 45 kr. Win 2 kr. Win 50 kr.
Decision3  Win 25 kr. Win 45 kr. Win 2 kr. Win 55 kr.
Decision 4 Win 25 kr. Win 45 kr. Win 2 kr. Win 60 kr.
Decision5  Win 25 kr. Win 45 kr. Win 2 kr. Win 65 kr.
Decision 6  Win 25 kr. Win 45 kr. Win 2 kr. Win 70 kr.
Decision 7 Win 25 kr. Win 45 kr. Win 2 kr. Win 75 kr.
Decision8  Win 25 kr. Win 45 kr. Win 2 kr. Win 95 kr.
Decision9  Win 25 kr. Win 45 kr. Win 2 kr. Win 135 kr.
Decision 10 ~ Win 25 kr. Win 45 kr. Win 2 kr. Win 215 kr.

Confirm your decisions
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