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Abstract

We propose a task for eliciting attitudes towards risk which offers an economical

way of uncovering heterogeneity in risk preferences. The task consists of accepting

or rejecting mixed gambles that provide a gain with probability p and a loss with

probability 1-p. Using mixed gambles allow us to simultaneously evaluate all

features of risk preferences proposed by prospect theory. We find that roughly

two thirds of the subjects behave according to prospect theory and one third as

expected utility maximizers. Probability weighting matters the most in explaining

decisions followed by diminishing sensitivity to outcomes. No evidence of loss

aversion is found.
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1 Introduction

Decisions made when agents confront risky alternatives are conventionally

explained by expected utility (EU) theory preferences. Different utility func-

tions (concave, linear, or convex) defined over final wealth states reflect di-

minishing, constant, or increasing marginal utility for wealth and thus aver-

sion, neutrality or love for risk.

The evidence from the field and the lab, however, shows that attitudes to-

wards risk deviate systematically from EU predictions (see Schoemaker, 1982

and Starmer, 2000 for reviews). This becomes very obvious when skewed pay-

offs are involved. For example, people buy insurance against damage to their

telephone wiring at $0.45 per month, worth $0.26 in expectation (Cicchetti

and Dubin, 1994) and the average homeowner pays $100 to reduce the de-

ductible from $1000 to $500 in his insurance policy, which is worth $25 in

expectation (Sydnor, 2010). Symmetrically, public lotteries are extremely

popular despite a return of only $0.53 on the dollar and people who gamble

on horses tend to overbet on long-shots with low probability of winning large

returns rather than on favorites with the greatest expected return (long doc-

umented since Griffith, 1949 and McGlothlin, 1956). Laboratory evidence

also shows that, many prefer gambles that offer a low expected value but

also a low probability of a large gain (Wu and Gonzalez, 1996; Abdellaoui,

2000; Bleichrodt and Pinto, 2000) and are averse to gambles that offer a low

probability of a large loss even if these gambles have a high expected value

(Laury et al., 2009).

Rank dependent utility (RDU) and prospect theory (PT) are alternatives

to EU that offer explanations for these risky choices. These allow choices to
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be determined also by probability weighting (Quiggin, 1982), diminishing

sensitivity to monetary outcomes, loss aversion, and reference points (Kah-

neman and Tversky 1979, 1992).

Given the empirical evidence reported above and the attention that al-

ternatives to EU have received, it is surprising that most field and labora-

tory experiments which need to control for variations in risk attitudes still

assume that individuals behave according to EU axioms. All methods com-

monly used to measure utility, such as the probability, certainty equivalence,

and lottery equivalence methods are not able to accommodate any departure

from EU, such as probability weighting and loss aversion, and are therefore

problematic when a large number of individuals violate EU axioms.

One of the reasons why field work still does not routinely account for non-

EU patterns of behavior is because many of the laboratory experiments that

have attempted to distinguish between EU and non-EU types (Abdellaoui et

al., 2007; Conte et al., 2010; Bruhin et al., 2010) elicit a substantial number

of decisions per subject and are thus rather impractical to execute in field

experiments, or in lab experiments when risk elicitation is not the main

experiment.1

We propose a simple and compact lottery-choice task that is suitable for

eliciting attitudes towards risk in field experiments which: i) uses only 30 de-

cisions per subject, ii) asks subjects to make decisions across different skew

conditions, iii) uses mixed gambles, and iv) uses monetary incentives in a

symmetric way across the gain and loss domains. This task is more eco-

1An exception is Abdellaoui et al. (2008) who elicit choices in the gain, loss and mixed

domains in a compact way.
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nomical than previous risk attitude elicitations, and it allows us to uncover

heterogeneity in risk attitudes across individuals, and evaluate the contribu-

tion of all the different behavioral features of RDU and PT.

The task consists of accepting or rejecting mixed gambles that vary in

expected value, variance, and skew. The gambles are divided into three skew

conditions each composed of ten gambles. In the “negative skew” condition

each gamble offers a large loss with probability 0.1 and a small gain with

probability 0.9. In the “zero skew” condition each gamble offers a small loss

and a small gain with equal probability. In the “positive skew” condition

each gamble offers a large gain with probability 0.1 and a small loss with

probability 0.9.

We classify subjects non-parametrically into different risk preference types

according to the choices made across the three skew conditions and without

making any functional form assumptions about subjects’ preferences. We

classify 31% as EU, 61% as PT, and 8% as displaying other choice behavior.

Making decisions consistent with EU is not related to demographic charac-

teristics except gender: the EU group contains 16% females while the PT

group contains 47%. Most (56%) EU subjects display risk averse behavior,

whereas risk seekers and risk neutrals are, respectively, 26% and 18%. Of

those classified as PT, 41% (25% of the whole sample) simultaneously reject

at least one mixed gamble with positive mean and negative skew and accept

at least one mixed gamble with negative mean and positive skew. Women

and younger individuals are more likely to display this “bipolar” attitude

towards risk. To our knowledge this is the first paper which documents the

size of the population with bipolar preferences to positive and negative skew.
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We use the samples defined by these different groups to estimate struc-

tural decision models. First, we estimate two separate models, one for the

subjects classified as EU and another for those classified as PT. At this stage

we use RDU models, which have EU as a special case in which subjects do

not distort probabilities. The obtained results are consistent with our non-

parametric classification: EU subjects are found not to distort probabilities

while PT subjects do.

Next, for PT subjects, we estimate a set of PT models, in which we

include all the different behavioral features of risk preferences proposed by

PT. Estimations reveal that probability weighting plays the most important

role in explaining the behavior of PT subjects. Estimations also show that

diminishing sensitivity to outcomes matters and that probability weighting

is different in the gain and loss domains. However, there is no evidence of

loss aversion. Findings are robust to a variety of modeling assumptions.

2 Experimental Design

We offer subjects a task with three sets of choices. Each set of choices was

designed in price-list style with 10 decision rows. Each decision row was a

choice between a mixed gamble (accept) and a certain amount of zero (reject).

The certain amount is kept fixed across the three sets of choices so subjects

see it as a reference point.

Let Xj
i denote gamble i in set of choices j, where i ∈ {1, 2, ..., 10} and

j ∈ {N,Z,P}, where N denotes negative, Z zero, and P positive skew. Let

E(Xj
i ), V (X

j
i ), and S(Xj

i ), denote, respectively, the mean, variance, and
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skew (unstandardized third moment) of gamble Xj
i .

The positive skew gamble i is XP
i = (0.1, (15 − i)x; 0.9,−x), the zero

skew gamble i is XZ
i = (0.5, 1.2x; 0.5,−0.2ix), and the negative skew gamble

i is XN
i = (0.9, x; 0.1,−(3 + i)x), where x > 0. These gambles satisfy condi-

tions that enable us to classify subjects into different risk preference groups

according to the number of gambles accepted in each skew condition.

The gambles’ means satisfy:

E(XN
i ) = E(XZ

i ) = E(XP
i ) =

6− i

10
x, for all i, (1)

that is, the mean of the i-th gamble is the same in all skew conditions and

equal to (6 − i)x/10. Hence, the ten gambles in each skew condition are

ordered in terms of expected value. The expected value is positive for the

first five gambles, zero for the sixth gamble, and negative for the last four

gambles.

The gambles’ variances satisfy the following conditions:

V (XZ
i ) < V (XN

i ) < V (XP
i ), if i ≤ 5, (2)

and

V (XZ
i ) < V (XN

i ) = V (XP
i ), if i = 6, (3)

and

V (XZ
i ) < V (XP

i ) < V (XN
i ), if i ≥ 7. (4)

Condition (2) tells us that for the first five gambles, the variance of the i-th

gamble in the zero skew condition is smaller than the variance of the i-th

gamble in the negative skew condition which, in turn, is smaller than the

variance of the i-th gamble in the positive skew condition. Condition (3)
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says that for zero mean gambles, the variance of the negative and positive

skew gambles is identical and greater than the variance of the zero skew

gamble. Finally, condition (4) tells us that for the last four gambles, the

variance of the i-th gamble in the zero skew condition is smaller than the

variance of the i-th gamble in the positive skew condition which, in turn, is

smaller than the variance of the i-th gamble in the negative skew condition.

The gambles’ skews satisfy:

S(XN
i ) < S(XZ

i ) = 0 < S(XP
i ), for all i, (5)

that is, gambles in the negative, zero, and positive skew conditions have

negative, zero and positive third moments, respectively.

Subjects’ choices in the three skew conditions allow us to determine sub-

jects’ risk types. Since the first five gambles have positive mean and the

last four have negative mean, subjects should begin each set of choices by

preferring the gamble and then switching to the certain amount. The switch

points in the three skew conditions enable us to distinguish EU from PT

subjects. The switch points also allow us to classify EU subjects into risk

neutral averse, and seeking and PT subjects into inverse s-shape probability

weighting, s-shape probability weighting, and others.2

The classification method is described in detail in Appendix A. To explain

the intuition behind it consider the following examples.

A subject who switches from the gamble to the certain amount in deci-

sion row 6 across the three skew condition is classified as a risk neutral EU
2In inverse s-shape probability weighting, small probabilities are overweighted and large

probabilities are underweighted. Conversely, in s-shape probability weighting, large prob-

abilities are overweighted and small probabilities are underweighted.
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individual since he accepts gambles with positive mean and rejects gambles

with non-positive mean.

A subject who switches from the gamble to the certain amount in rows

2, 4 and 2 in the negative, zero and positive skew conditions, respectively,

is classified as a risk averse EU individual. This subject rejects all gambles

with non-positive mean and rejects some gambles with positive mean. Ad-

ditionally, he accepts more gambles in the zero skew condition than in the

other skew conditions because, for any given mean, the zero skew gamble has

a lower variance than the negative and positive skew gambles.

A subject who switches from the gamble to the certain amount in rows

9, 7 and 9 in the negative, zero and positive skew conditions, respectively,

is classified as a risk seeking EU individual. This subject accepts all gam-

bles with non-negative mean and accepts some gambles with negative mean.

Additionally, he accepts more gambles in the negative and positive skew

conditions than in the zero skew condition because, for any given mean, the

negative and positive skew gambles have higher variance than the zero skew

gamble.

A subject who switches from the gamble to the certain amount in rows

3, 6 and 8 in the negative, zero and positive skew conditions, respectively, is

classified as a PT individual with inverse s-shape probability weighting. Re-

jection of three positive mean gambles with negative skew, acceptance of all

positive mean gambles with zero skew, and acceptance of one negative mean

gamble with positive skew is consistent with overweighting small probabilities

and underweighting large ones.

Finally, a subject who switches from the gamble to the certain amount
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in rows 8, 6 and 3 in the negative, zero and positive skew conditions, respec-

tively, is classified as a PT individual with s-shape probability weighting.

Acceptance of one negative mean gamble with negative skew, acceptance of

all positive mean gambles with zero skew, and rejection of three positive gam-

bles with positive skew is consistent with overweighting large probabilities

and underweighting small ones.

We run the experiment with two levels of stakes (x = 5 CHF and x = 10

CHF hereafter called the 1x stake and 2x stake conditions, respectively).

Subjects in the 1x stake condition are faced with the three sets of choices

displayed in Tables 1, 2, and 3 (the columns with expected value and the

variance of the lotteries were not shown to subjects). In the 2x stake condition

stakes are twice as high.

insert Tables 1, 2, and 3 here

The order of skew conditions were randomly assigned and counterbal-

anced. A total of 109 subjects participated in the experiment, 70 in the

1x stakes condition and 39 in the 2x stakes condition. In order to provide

incentive for truthful revelation of preferences, subjects were randomly paid

for one of their choices. Each subject received a show-up fee of 10 CHF.

Since subjects could not walk away from the laboratory making losses all

subjects were endowed with the maximum possible loss they could incur in

the experiment (65 CHF in the 1x stake condition and 130 CHF in the 2x

stake condition).

In the laboratory, we are challenged to implement losses that are viewed

by subjects as “true losses” and not just lesser gains. In order to minimize a

house-money effect and therefore to make losses more real, one week before
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the experiment took place subjects who would be assigned to the 1x stake

condition received an email where they were told: “Next week you will par-

ticipate in an experiment on decision making under risk. You will be paid 10

CHF as compensation for your time spent. Additionally, you will be given

65 CHF and you will keep the 65 CHF with 90% probability.” Subjects who

would be assigned to the 2x stake condition received a similar email, the only

difference being that 65 CHF was replaced by 130 CHF.

The goal of this email was to induce subjects to think that their (proba-

bilistic) reference point regarding rewards from the experiment is close to the

actual expected earnings. If this manipulation was successful, then a subject

who comes out of the laboratory with less than the expected earnings will feel

like he suffered a loss and one that comes out with more will feel like he has

made a gain. After completing the three sets of choices subjects answered

demographic questions and returned questionnaires. A random lottery in-

centive system was then applied (see Appendix C for further details on the

experimental set-up and Appendix D for the instructions to subjects).

3 Choices and Skew Conditions

Table 4 displays the acceptance of gambles in each skew condition. Recall

that a risk neutral individual accepts lotteries 1 to 5, is indifferent between

accepting or rejecting lottery 6, and rejects lotteries 7 to 10.

insert Table 4

The first line in Table 4 tells us that, out of 10 gambles, individuals accept,

on average, 3.69, 5.27, and 6.94 in the negative, the zero and the positive
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skew conditions. Thus, on average, individuals are willing to reject a small

stake positive mean gamble to avoid facing a small probability of incurring

a large loss (first-order risk averse behavior towards negative skew bets). In

contrast, on average, individuals are willing to accept a small stake negative

mean gamble in exchange for a small probability of attaining a large gain

(first-order risk seeking behavior towards positive skew bets). Finally, on

average, individuals accept fifty-fifty gambles with positive mean and reject

fifty-fifty gambles with negative mean (risk neutral towards fifty-fifty bets).

The remaining lines of Table 4 display the number of subjects with dif-

ferent acceptance patterns in each skew condition. The number of subjects

who reject at least one gamble with positive mean goes from 68 (out of 109)

in the negative skew condition to 31 (zero skew) and then to 20 (positive

skew condition). The number of subjects who accept at least one gamble

with negative mean is 18 in the negative skew condition, 18 in the zero skew

condition, and 59 in the positive skew condition. As in most price-list style

experiments, some subjects switch more than once from taking the gamble

to rejecting it (6, 2 and 4 subjects in the different skew conditions).

Table 5 shows the results of regressions using the number of accepted gam-

bles as the dependent variable. Apart from a constant, column 1 includes

two dummies indicating the skew conditions the results being, of course,

consistent with those in Table 4. Moreover, the differences in lottery choice

patterns across skew conditions are statistically significant: on average, sub-

jects accept more gambles (1.606 and 3.284) in the zero and positive skew

conditions than in the negative skew condition.

insert Table 5 here
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Column 2 includes dummy variables to control for the magnitude of the

stakes and for the order in which choices were presented to subjects. None of

these effects is significant and results for the skew conditions do not change.

Results are also robust to the inclusion of demographic controls. Column 3

shows that females and those who were raised in Switzerland are less likely to

accept playing the gambles, but our main results remain unchanged. These

are the only two demographic characteristics that were found to be related

to the propensity to accept gambles. The other demographic variables are

not related to the number of accepted gambles, and including them in the

regression does not change the results meaningfully (column 4).

4 Subject Classification

Applying the classification criteria (explained in Appendix A) to our data

leads to the results in Table 6. The first result is that 34 subjects (31%) are

classified as EU, 67 (61%) as PT, while 8 subjects (8%) have multiple switch-

ing points in at least one skew condition. This result is broadly compatible

with Conte et al. (2010) and Bruhin et al. (2010) who find that 20% can be

classified as EU and 80% as PT.

insert Table 6 here

Making decisions consistent with EU does not seem much related to ob-

servable demographic characteristics, except in what gender is concerned.

Indeed, the EU sample contains 16% of females while the PT sample con-

tains 47%, the difference being significant at any conventional level. Again,

this finding is consistent with Bruhin et al. (2010) who find that their EU
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group is dominated by the behavior of male individuals exhibiting near ra-

tional probability weighting.

From the 34 EU subjects, 19 are risk averse, 9 are risk seekers, and 6 risk

neutral. From the 67 PT subjects, 51 make choices consistent with inverse s-

shape probability weighting, 4 with s-shape probability weighting, 12 belong

to the category others. The finding that the majority of PT subjects display

inverse s-shaped probability weighting (or likelihood insensitivity) is in line

with previous research (see Wakker, pp. 204).

Among the 51 inverse s-shape PT subjects, there is a group of 27 (25%

of our total sample) who simultaneously reject at least one mixed gamble

with positive mean and negative skew and accept at least one mixed gamble

with negative mean and positive skew. We call this group “bipolar risk

types”. While it is well understood that prospect theory implies that people

may simultaneously bet on sufficiently unlikely gains as well insure against

sufficiently unlikely losses, the size of this group has not been previously

estimated.

The 27 bipolar risk types differ from others with respect to gender and

age. Females account for 36% in the non-bipolar sample, and for 65% in

the bipolar sample. Bipolar risk types are younger (20.8 years of age against

22.7). Both comparisons are significantly different at the 5% level.

5 Estimation of Decision Models

In this section we estimate structural models of choice under risk for each

of the groups defined in Table 6. The estimated models parametrically in-
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corporate all of the features of PT proposed by Tversky and Kahneman:

risk aversion, nonlinear probability weighting, reference-dependence, dimin-

ishing sensitive to outcomes, and loss aversion. This allows us to clarify the

contribution of these proposed features of risk preferences for subjects’ ob-

served choices, although this clarification is conditioned on assuming particu-

lar functional forms. We therefore test whether using some typical alternative

functional forms for probability weighting and utility functions change our

conclusions. The discussion focus on testing rank dependent utility (Section

5.1) and prospect theory (Section 5.2).

We further allow for the possibility that subjects might state their prefer-

ences with some error by using a specification due to Fechner (1966). In this

specification Pr(Choice = Xj
i ) = Φ[(UXj

i
− uc)/σ], where Pr(Choice = Xj

i )

is the probability that the individual accepts lottery Xj
i , UXj

i
is the value of

accepting lottery Xj
i , uc is the value of rejecting lottery X

j
i (i.e., getting the

certain amount c), σ is the parameter that represents the standard devia-

tion of the normally distributed decision errors, and Φ denotes the standard

normal cumulative distribution.

We estimate the relevant parameters by maximum likelihood (see Harri-

son and Rutström, 2008) and report standard errors clustered at the indi-

vidual level, to allow for correlation across decisions and treatments in the

choices made by each individual.

5.1 Rank Dependent Utility

According to rank dependent utility (Quiggin, 1982) the value of a gamble

X which yields a gain of g > 0 with probability p and a loss of l < 0 with
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probability 1− p is

RDU(w +X) = π1u(w + g) + π2u(w + l)

= h(p)u(w + g) + [1− h(p)]u(w + l), (6)

where u(y) is the utility function and h(p) is the probability weighting func-

tion. To model the utility function we use exponential utility (constant ab-

solute risk aversion):

u(w + x)






1−e−β(w+x)

β
, β �= 0

w + x, β = 0
, (7)

where x is the outcome of a gamble. The parameter β determines the curva-

ture of the utility function. When β > 0 there is risk aversion, when β = 0

risk neutrality, and when β < 0 there is love for risk. Exponential utility

has been widely used in economics and it generally fits experimental data on

utility measurement well (e.g. Abdellaoui et al. 2007).

To model probability weighting we use as our base model the one-parameter

probability weighting function in Goldstein and Einhorn (1987):

h(p) =
pη

pη + (1− p)η
, (8)

where the parameter η determines the degree of probability weighting. When

η = 1 there is no probability weighting and we are back to EU. If η ∈ (0, 1),

the function captures the inverse s-shape pattern where low probabilities are

upweighted and high probabilities are downweighted. If η > 1 we have an

s-shape pattern where low probabilities are downweighted and high proba-

bilities are upweighted. In the sensitivity analysis we also compare results

when using Prelec’s (1998) probability weighting function.
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insert Table 7 here

The results of estimating this decision model separately for the EU and

PT groups are reported in Table 7. The coefficient β is not significantly

different from zero for the EU and PT groups which suggests that, on average,

linear utility is a good description of subjects’ utility function under RDU.

EU subjects do not seem to distort probabilities, as the estimate for η is

not significantly different from 1.3 For PT subjects, on the other hand, η is

significantly less than 1, which means that, on average, PT subjects upweight

small probabilities and downweight large probabilities.

5.2 Prospect Theory

According to prospect theory (Kahneman and Tversky, 1979; 1992), the value

of a gamble X that offers a gain g > 0 with probability p and a loss l < 0

with probability 1− p is

PT (X|r) = π1u(g|r) + π2u(l|r)

= h+(p)u(g|r) + h−(1− p)u(l|r), (9)

where h+ and h− are the gain and loss probability weighting functions, re-

spectively, u is the gain-loss utility, and r represents some fixed referent,

usually the status-quo.4

3We also estimate the two-parameter Goldstein and Einhorn (1987) probability weight-

ing function h(p) = bpη

bpη+(1−p)η , with η, b > 0 . When b = 1 we have an inflection point at

p = 0.5. For both the EU and PT samples we find an estimate for b that is not significantly

different from 1.
4If one restricts attention to two outcome gambles, like we do here, the 1979 and the

1992 versions of prospect theory are identical.
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There are different definitions of loss aversion in the literature and it is

still not clear which one is the best (see Schmidt and Zank, 2005; Abdellaoui

et al., 2007). Here we follow Köbberling and Wakker’s (2005) definition,

which assumes that u(x|r) is a composition of a loss aversion index λ > 0,

reflecting the different processing of gains and losses, and basic utility of

gains and losses. Formally,

u(x|r) =





u+(x|r) if x ≥ r

−λu−(−x|r) if x < r
. (10)

where u+ is the basic utility from gains, and u− the basic utility from losses.

If people pay more attention to losses, λ exceeds 1, and u is steeper for losses

than for gains.5

To estimate the PT model we take r = 0, u(0|0) = 0, and we adopt the

exponential specification to parameterize the basic utility of gains

u+(x|0) =






1−e−β
+x

β+
, β+ �= 0

x, β+ = 0
, (11)

and the basic utility of losses

u−(−x|0) =






1−e−β
−(−x)

β−
, β− �= 0

−x, β− = 0
. (12)

5The function u has a kink at r and is smooth everywhere else. The kink is caused by

loss aversion, and does not reflect an intrinsic value of outcomes. That is, it is plausible that

the basic utility function is differentiable at r. Thus, they define the loss aversion index as

λ = u′↑(x|r)/u
′
↓(x|r), where u

′
↑(x|r) denotes the left, and u

′
↓(x|r) the right derivative of u

at r (both derivatives are assumed to exist and be positive and finite). If the loss aversion

index is equal to 1, there is no loss aversion. If the index is greater than 1, the agent is

loss averse.
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The parameters β+ and β− determine basic utility of gains and losses, re-

spectively. When β+ and β− are positive, there is diminishing sensitivity to

outcomes since u(x|0) is concave over gains and convex over losses. When β+

and β− are negative, there is increasing sensitivity to outcomes since u(x|0)

is convex over gains and concave over losses. Under (11) and (12) both the

utility for gains and the utility for losses have derivative 1 at 0 and, thus, the

basic utility functions are differentiable at 0. Consequently, Köbberling and

Wakker’s (2005) definition of loss aversion can be computed under exponen-

tial utility. The exponential specification also has the desirable feature that

if λ ≥ 1 then we have not only loss aversion in the sense of Köbberling and

Wakker (2005), but also loss aversion in the sense of Kahneman and Tversky

(1979), that is, for any gain x, −U(−x|r) ≥ U(x|r).

As before, we adopt Goldstein and Einhor’s (1987) specification to para-

meterize probability weighting, but we allow the degree of probability weight-

ing (η) to be different in the gain and loss domains (η+ and η−, respectively).

When η+ and η− are both less than unity, there is inverse s-shape probabil-

ity distortion over gains and losses. When η+ and η− are both greater than

unity, there is s-shape probability distortion over gains and losses.

Table 8 reports the results of estimating four alternative PT specifica-

tions. The first specification assumes loss aversion is the main factor behind

reference dependence. The second assumes that loss aversion and differences

in the basic utilities of gains and losses are the main factors behind reference

dependence. The third assumes that loss aversion and differences in prob-

ability weighting in the gain and loss domains are the main factors behind

reference dependence. The fourth and last specification allows for all kinds
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of gain-loss asymmetries to occur simultaneously.

insert Table 8 here

Column (1) reports the results for the first specification where we assume

common probability weighting and basic utility functions (a single η and a

single β). The estimate for β is 0.011 which implies diminishing sensitivity to

outcomes. The estimate for η is 0.72 which implies inverse s-shape probability

weighting. The estimate for the loss aversion parameter λ is 0.88 which

indicates that, on average, PT subjects are not loss averse.

The PT model seems to be preferable to the RDU model. Recall that

our results for the RDU model indicated that linear utility was not rejected

(β = 0 in Table 7). If one constrains β to be 0, the RDU model can be seen

as a more general case of the PT model where λ is constrained to be equal to

1. With these constraints, both the RDU and the PT model yield the same

estimates (not reported here). However, in the context of the PT model, the

constraint β = 0 is clearly rejected, and so the PT model is preferred.

In column (2) we allow β to differ over gains and losses, while assuming

a common probability weighting parameter (a single η). The estimates for

β+ and β− are 0.015 and 0.09, respectively, indicating diminishing sensitivity

to outcomes. We find that the estimates of β+ and β− are not statistically

significantly different (pvalue = 0.1859). The estimate for the probability

weighting parameter η is the same as in model 1. Finally, the estimate for λ

is slightly smaller than the one obtained in model 1.

Conversely in column (3) we allow for differences in probability weighting

over gains and losses but assume a common basic utility (a single β). The

estimate for β is almost identical to the one in model 1. The estimates
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for η+ and η− of 0.68 and 0.75 are not statistically significantly different

(pvalue = 0.3742). The estimate for λ is not significantly different from unity.

In column (4) we estimate the most general PT model. The estimates

for β+ and β− of 0.021 and 0.005 are statistically significantly different

(pvalue = 0.0403). The estimate for β+ is significantly greater than zero

but the estimate for β− is not significantly different from zero. This indi-

cates concavity in the gain domain and linearity in the loss domain. The

estimates for η+ and η− of 0.55 and 0.89 are statistically significantly differ-

ent (pvalue = 0.0264). The estimate for η+ is significantly less than unity but

the estimate for η− is not significantly different from unity. This indicates in-

verse s-shape probability weighting in the gain domain and linear probability

weighting in the loss domain. Finally, the estimate for λ is not significantly

different from unity.

In a nutshell, the PT models, like the RDU model, provide support for

inverse s-shape probability weighting. However, the implied levels of inverse

s-shape probability distortion are stronger in the PT models than the RDU

model.6 This happens because the PTmodels also provide support for dimin-

ishing sensitivity to outcomes which leads to choices that go in the opposite

direction of inverse s-shape probability weighting (see Appendix E).

6In the RDUmodel an estimate for η of 0.86 implies decision weights π1 = 0.87 and π2 =

0.13 for negative skew lotteries and π1 = 0.13 and π2 = 0.87 for positive skew lotteries. In

the most general PT specification the estimates for η+ and η− of 0.55 and 0.89, respectively,

imply π1 = h+(0.9) = 0.77 and π2 = h−(0.1) = 0.12 for negative skew lotteries and

π1 = h
+(0.1) = 0.23 and π2 = h−(0.9) = 0.87 for positive skew lotteries. Note that in the

PT model there is subadditivity for negative skew lotteries since h+(0.9)+h−(0.1) = 0.89,

and superadditivity for positive skew lotteries since h+(0.1) + h−(0.9) = 1.10.
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Additionally, within the context of PT models, the estimations indicate

that reference-dependence gain-loss asymmetries are driven mainly by differ-

ences in probability weighting in the gain and loss domains, differences in

the basic utilities of gains and losses also play a role, but there is no loss

aversion.

5.3 Heterogeneity within PT Subjects

Table 9 reports the results of estimating a PT model for the 51 inverse s-

shape PT subjects. The table also reports the estimates for the two inverse

s-shape PT subgroups: the 27 bipolar risk types, and the 24 non-bipolar

risk types. The other PT subgroups have too few observations to generate

meaningful results.

insert Table 9 here

Column 1 in Table 9 shows the estimates for the 51 subjects who make

choices consistent with inverse s-shape probability weighting. The estimation

constrains λ to be 1 since λ is very close to 1 and not significantly different

from 1 in the unconstrained estimation. This is the largest PT subgroup

and, not surprisingly, its estimates are close to those obtained for the whole

PT sample.

Column 2 reports the parameter estimates for the bipolar risk types.

The estimate for β is not significantly different from 0. The estimates for η+

and η− are 0.43 and 0.73, respectively. These estimates imply very strong

inverse s-shape probability weighting since π1 = h+(0.9) = 0.72 and π2 =

h−(0.1) = 0.17 for negative skew lotteries and π1 = h+(0.1) = 0.28 and
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π2 = h−(0.9) = 0.83 for positive skew lotteries.

The parameter estimates for the non-bipolar risk types are reported in

column 3. The estimate for β is not significantly different from 0. The

estimates for η+ and η− are 0.79 and 0.93, respectively. These estimates

imply π1 = 0.85 and π2 = 0.11 for negative skew lotteries and π1 = 0.15 and

π2 = 0.88 for positive skew lotteries.

5.4 Heterogeneity within EU Subjects

For completeness, Table 10 reports the results of estimating the RDU model

for the EU subgroups.

insert Table 10 here

The signs of the estimates of β are consistent with the predictions of the

non-parametric classification: positive and significantly greater than zero for

risk averse subjects, negative and significantly smaller than zero for the risk

seeking subjects, and not significantly different from zero for the risk neutral.

The decomposition of the EU sample into risk averse, seeking, and neutral

groups leads to some indications of probability weighting in the risk seeking

group. Estimates for η are not significantly different from one for the risk

averse and risk neutral group. However, the estimate for η for the risk seeking

group is equal to 0.90 and is statistically different from one.

5.5 Robustness

Our estimations yield a very clear message: nonlinear probability weighting

plays the most important role in explaining the choices of PT subjects. More
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specifically, nonlinear probability weighting is consistently statistically sig-

nificant, while the shape of the utility function varies across the RDU (linear)

and PT (concave for gains and convex/linear for losses) specifications, and

there is no evidence whatsoever of loss aversion.

These results were obtained assuming an exponential utility function and

Goldstein and Einhorn’s (1987) probability weighting function. In Appen-

dix F we perform the estimations replacing Goldstein and Einhorn’s (1987)

probability weighting function with Prelec’s (1998) and obtain essentially the

same estimates when we estimate the RDUmodel in the EU and PT samples.

We find that there are some differences between using Prelec’s or Goldstein

and Einhorn’s probability weighting functions when we restrict attention to

the PT sample. For example, under Prelec probability weighting there is

less support for inverse s-shape probability weighting in models 1 and 3 than

under Goldstein and Einhorn probability weighting. However, both proba-

bility weighting functions lead essentially to the same estimates in the most

general PT specification.

6 Discussion and Conclusions

We propose a simple and compact lottery-choice task that is suitable for elic-

iting attitudes towards risk in field experiments or in lab experiments where

risk elicitation may not be the main experiment. Risk attitudes are elicited

using mixed gambles with positive, zero and negative skew. Therefore, our

work goes beyond prior experimental research focusing on eliciting risk atti-

tudes using lotteries involving only gains (e.g., Brunner et al., 2007; Åstebro
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et al., 2008; Ebert and Wiesen, 2009; and Deck and Schlesinger, 2010) or

lotteries involving either only gains or only losses (e.g. Holt and Laury, 2002;

Fehr-Duda et al.,2010; and Bruhin et al., 2010). This brings the experimen-

tal task closer to real world risky decisions which typically involve gain-loss

gambles.

We use a non-parametric classification method to decompose the sample

into EU and PT subjects without making functional form assumptions about

subjects’ preferences. This contrasts to prior experimental research that as-

sumes specific functional forms of utility and probability weighting to study

risk attitudes.7 The parametric approaches are easy to estimate and inter-

pret, but they suffer from a contamination effect: a misspecification of the

utility function will also bias the estimated probability weighting function

and vice versa (Abdellaoui, 2000; Harrison and Rutström, 2008).

We only use 30 decisions per subject to uncover heterogeneity in risk

attitudes. In comparison, experimental research with finite mixture models

may elicit as much as 500 decision per subject (e.g. Harrison and Rutström,

2009; Conte et al., 2010; Bruhin et al., 2010).8 Of course, one limitation

of our study is that since individuals only make 30 decisions (which are

equivalent to eliciting three switching points) we cannot perform individual

7For example, Harrison and Rutström (2009) assume power utility and the one parame-

ter probability weighting function introduced by Tversky and Kahneman (1992), Tanaka

et al. (2010) assume power utility and Prelec (1998) one parameter probability weighting.
8In Harrison and Rutström (2009) the goal is to estimate the probability that any

one lottery choice is consistent with EU or not, irrespective of the identity of the decison

maker. In Conte et al. (2010) and Bruhin et al. (2010) the goal is to classify individuals

as EU or non-EU types.
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level estimations of preference parameters.

In our sample, we find that 31% can be classified as EU, 61% as PT, and

8% have multiple switching points in at least one skew condition. Conte et

al. (2010) and Bruhin et al. (2010) find that when subjects face gambles

involving only gains or only losses, 20% can be classified as EU and 80% as

PT. Hence, our result is compatible with Conte et al. (2010) and Bruhin et

al. (2010) but was obtained using a task that requires much lighter subject

cognitive loads and computational efforts. Field experiments that need to

use an individual measure of risk attitudes as an input should take this

heterogeneity into account. If there is heterogeneity, as other research has

suggested and our data confirms, basing risk preference elicitation procedures

on a single preference theory is inappropriate and may lead to biased results.

Our task offers a simple tool to perform such measurement.

Our maximum likelihood estimations reveal that, on average, PT sub-

jects display inverse s-shape probability weighting in all of our specifications.

Hence, most people apparently prefer lotteries with positive skew because

they overweight the odds of unlikely gains and dislike lotteries with nega-

tive skew because they overweight the probability of unlikely losses. This

finding is consistent with Conte et al. (2010) and Bruhin et al. (2010) who

find evidence of inverse s-shape probability weighting in their PT samples.

The finding is also consistent with evidence from fields studies. For example,

both Snowberg and Wolfers (2010) and Jullien and Salanié (2000) find that

inverse s-shape probability weighting dominates in explaining why there is

overbetting on the long-shot horse while favorites are underbet. In the con-

text of insurance choices, Cohen and Einav (2007) and Barseghyan et al.

25



(2010) find preferences in which inverse s-shape probability weighting plays

the most important role and loss aversion is irrelevant. Still, our estima-

tions also indicate that the PT model is preferable to the RDU model for

explaining choices in the PT group, as most PT subjects display diminishing

sensitivity to outcomes relative to a reference point.

Since we use mixed lotteries we can evaluate all features of risk preferences

proposed by prospect theory. Most of prior experimental work typically has

been limited to testing a subset of the behavioral features of PT. For example,

Abdellaoui (2000) and Bruhin et al. (2010) use lotteries involving either only

gains or only losses and estimate probability distortion parameters for the

gain and loss domains but do not estimate a loss aversion parameter since

that is neither feasible nor meaningful. Tversky and Kahneman (1992) and

Abdellaoui et al. (2007) study all features of risk preferences proposed by

prospect theory but use hypothetical choices. Abdellaoui et al. (2008) use

real incentives for lotteries with only gains but not for lotteries with only

losses or with gains and losses. As far as we know, there are only two other

studies that analyze all aspects of prospect theory using monetary incentives

for all types of lotteries: Harrison and Rutström (2009) and Tanaka et al.

(2010).

Our estimations show that, on average, PT subjects display diminishing

sensitivity to outcomes. We find support for concavity in the gain domain

and either convexity or linearity in the loss domain. This is consistent with

findings from studies that report utility curvature for gains and losses: util-

ity for losses displays diminishing sensitivity in most cases but losses are

evaluated more linearly than gains. Recall that diminishing sensitivity to
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outcomes leads to choices that go in the opposite direction of inverse s-shape

probability weighting. That is, it leads to first-order risk seeking towards

negative skew gambles and first-order risk aversion towards positive skew

gambles. However, the estimations show that the impact of inverse s-shaped

probability weighting on choices dominates the impact of diminishing sensi-

tivity to outcomes.

We also find more upweighting of low probabilities for gains than for

losses. Fehr-Duda et al. (2010) obtain similar results using a partially differ-

ent experimental treatment and estimation method; they observed relative

risk aversion over increasing gains but an incoherent pattern of risk prefer-

ences over increasing losses. These patterns were explained by estimating

inverse s-shape probability weighting which changed markedly towards less

optimistically perceived odds when gains rose for the PT sample, while prob-

ability weighting remained unchanged when losses rose.

Finally, our estimations also reveal that our sample of PT subjects does

not display loss aversion. This result is consistent with Ert and Erev (2010),

and Fehr-Duda et al. (2010) as well some field evidence (e.g. Barseghyan

et al. 2010), but stands in contrast to the many studies which interpret

rejection of fifty-fifty gain-loss gambles with positive mean as loss aversion

(e.g., Gachter et al. 2007). Our results support the idea that loss aversion is

volatile and depends on framing (see Wakker 2010, pp. 265).

In a nutshell, our experiment proposes a simple task that allows the study

of risk attitudes without assuming an EU framework and to uncover hetero-

geneity in these attitudes. This is an important contribution since the exist-

ing evidence on risk attitudes shows that a large fraction of subjects display
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non-EU preferences and there is a wide distribution of risk preferences. We

offer an economical way of uncovering such preferences that can be used in

the field. The use of mixed gambles allows us to evaluate the role played by

all the different behavioral features of risk preferences proposed by PT.
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Tables

Table 1: Choices in the Positive Skew Domain (1x stake)

Choice Lottery (L) Accept Reject E(L) V (L)

1 90% of -5 CHF, 10% of 70 CHF 2.50 506

2 90% of -5 CHF, 10% of 65 CHF 2.00 441

3 90% of -5 CHF, 10% of 60 CHF 1.50 380

4 90% of -5 CHF, 10% of 55 CHF 1.00 324

5 90% of -5 CHF, 10% of 50 CHF 0.50 272

6 90% of -5 CHF, 10% of 45 CHF 0 225

7 90% of -5 CHF, 10% of 40 CHF -0.50 182

8 90% of -5 CHF, 10% of 35 CHF -1.00 144

9 90% of -5 CHF, 10% of 30 CHF -1.50 110

10 90% of -5 CHF, 10% of 25 CHF -2.00 81
Note: The last two columns were not displayed to experimental subjects.

29



Table 2: Choices in the Zero Skew Domain (1x stake)

Choice Lottery (L) Accept Reject E(L) V (L)

1 50% of -1 CHF, 50% of 6 CHF 2.50 12

2 50% of -2 CHF, 50% of 6 CHF 2.00 16

3 50% of -3 CHF, 50% of 6 CHF 1.50 20

4 50% of -4 CHF, 50% of 6 CHF 1.00 25

5 50% of -5 CHF, 50% of 6 CHF 0.50 30

6 50% of -6 CHF, 50% of 6 CHF 0 36

7 50% of -7 CHF, 50% of 6 CHF -0.50 42

8 50% of -8 CHF, 50% of 6 CHF -1.00 49

9 50% of -9 CHF, 50% of 6 CHF -1.50 56

10 50% of -10 CHF, 50% of 6 CHF -2.00 64
Note: The last two columns were not displayed to experimental subjects.

Table 3: Choices in the Negative Skew Domain (1x stake)

Choice Lottery (L) Accept Reject E(L) V (L)

1 10% of -20 CHF, 90% of 5 CHF 2.50 56

2 10% of -25 CHF, 90% of 5 CHF 2.00 81

3 10% of -30 CHF, 90% of 5 CHF 1.50 110

4 10% of -35 CHF, 90% of 5 CHF 1.00 144

5 10% of -40 CHF, 90% of 5 CHF 0.50 182

6 10% of -45 CHF, 90% of 5 CHF 0 225

7 10% of -50 CHF, 90% of 5 CHF -0.50 272

8 10% of -55 CHF, 90% of 5 CHF -1.00 324

9 10% of -60 CHF, 90% of 5 CHF -1.50 380

10 10% of -65 CHF, 90% of 5 CHF -2.00 441
Note: The last two columns were not displayed to experimental subjects.
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Table 4: Acceptance of Lotteries across Skew Conditions

Acceptance Behavior Negative Zero Positive

(lottery choice category) Skew Skew Skew

Average number of lotteries accepted 3.69 5.27 6.94

Reject all lotteries 20 1 9

Accept 1, reject 2 to 10 11 2 1

Accept 1 and 2, reject 3 to 10 17 4 4

Accept 1 to 3, reject 4 to 10 11 11 3

Accept 1 to 4, reject 5 to 10 9 13 3

Accept 1 to 5, reject 6 to 10 11 38 16

Accept 1 to 6, reject 7 to 10 6 20 10

Accept 1 to 7, reject 8 to 10 1 3 5

Accept 1 to 8, reject 9 and 10 3 4 4

Accept 1 to 9, reject 10 2 2 3

Accept all 12 9 47

Multiple Switchers 6 2 4

Total 109 109 109
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Table 5: Regression Results: Number of Accepted Lotteries

(1) (2) (3) (4)

Constant 3.661 (0.298) 3.601 (0.384) 3.766 (0.689) 4.138 (1.669)

Zero skew 1.606a (0.359) 1.608a (0.362) 1.606a (0.351) 1.605a (0.347)

Positive skew 3.284a (0.434) 3.287a (0.436) 3.284a (0.430) 3.284a (0.431)

2x stake −0.093 (0.329)

Order (2nd) 0.121 (0.403)

Order (3rd) 0.152 (0.382)

Female −0.758b (0.318) −0.708c (0.375)

Raised in Swzt −0.709b (0.285) −0.774b (0.315)

Age 0.019 (0.043)

Parents decide −0.551 (0.525)

People in house 0.030 (0.168)

Single 0.534 (0.525)

Student −0.032 (0.366)

R2 0.179 0.179 0.209 0.246

R̄2 0.174 0.167 0.199 0.195

Note: Robust standard errors in parentheses. Letters a, b and c indicate significance at

1%, 5%, and 10%, respectively. Column 4 also includes sets of dummies for years of

schooling (4) and household income (8). None of the two sets is significant.
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Table 6: Groups and Mean Number of Lotteries Accepted

Groups N (%) Skew

Neg. Zero Pos.

EU

Risk neutral 6 (5.5) 5.33 5.17 5.67

A1: aN , aZ , aP ∈ {5, 6}

Risk averse 19 (17.4) 1.79 4.42 2.95

A2: min(aN , aP ) ≤ max(aN , aP ) < aZ ≤ 5

A3: min(aN , aP ) < max(aN , aP ) ≤ aZ ≤ 5

A4: aN = aZ = aP = 0

Risk seeker 9 (8.3) 9.11 7.22 9.89

A5: 6 ≤ aZ < min(aN , aP ) ≤ max(aN , aP )

A6: 6 ≤ aZ ≤ min(aN , aP ) < max(aN , aP )

A7: aN = aZ = aP = 10

All EU 34 (31.2) 4.35 5.29 5.26

PT

Inverse s-shape 51 (46.8) 2.25 5.31 8.80

B1: aN ≤ aZ < aP

B2: aN < aZ ≤ aP

S-shape 4 (3.7) 7.75 2.75 1.25

B3: aP ≤ aZ < aN

B4: aP < aZ ≤ aN

Others

C1: aZ < min(aP , aN) 6 (5.5) 8.33 4.83 8.83

C2: aZ > max(aP , aN) 3 (2.8) 1.33 6.00 1.67

C3: aN = aZ = aP = k ∈ {1, 2, 3, 4} 1 (0.9) 2.00 2.00 2.00

C4: aN = aZ = aP = k ∈ {7, 8, 9} 2 (1.8) 8.50 8.50 8.50

All PT 67 (61.5) 3.27 5.19 7.93

Multiple Switchers 8 (7.3) 4.38 5.75 5.88

All subjects 109 (100.0) 3.69 5.27 6.94
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Table 7: EU and PT Subjects: RDUmodel with CARAUtility and Goldstein

and Einhorn (1987) Probability Weighting

EU PT

β −0.00006 (0.001) −0.001 (0.001)

η 0.99 (0.01) 0.86∗ (0.03)

σ 3.22∗ (0.65) 4.58∗ (0.61)

LL −590 −1131

Subjects 34 67

Note: Clustered standard errors in parentheses. The superscript * indicates significance

at 5%. For β and σ relative to 0. For η relative to 1.

Table 8: PT Subjects: PT model with CARA Utility and Goldstein and

Einhorn (1987) Probability Weighting

(1) (2) (3) (4)

β 0.011∗ (0.005) 0.012∗ (0.004)

β+ 0.015∗ (0.005) 0.021∗ (0.007)

β− 0.009∗ (0.005) 0.005 (0.005)

η 0.72∗ (0.05) 0.72∗ (0.05)

η+ 0.68∗ (0.07) 0.55∗ (0.10)

η− 0.75∗ (0.06) 0.89 (0.09)

λ 0.88∗ (0.05) 0.81∗ (0.08) 0.93 (0.07) 0.86 (0.08)

σ 1.60∗ (0.24) 2.55∗ (0.35) 2.73∗ (0.38) 2.61∗ (0.38)

LL −1079 −1076 −1079 −1063

Subjects 67 67 67 67

Note: Clustered standard errors in parentheses. The superscript * indicates significance

at 5%. For β, β+, β−, and σ relative to 0. For η, η+, η−, and λ relative to 1.
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Table 9: PT Inverse S-Shape Subjects: PT model with CARA Utility and

Goldstein and Einhorn (1987) Probability Weighting

All Bipolar Non-Bipolar

β 0.0085∗ (0.0035) 0.0126 (0.0068) −0.0007 (0.0036)

η+ 0.61∗ (0.0506) 0.43∗ (0.0854) 0.79∗ (0.0578)

η− 0.78∗ (0.0584) 0.73∗ (0.0940) 0.93 (0.0801)

σ 2.52∗ (0.3569) 2.23∗ (0.4874) 2.92∗ (0.5356)

LL −678 −299 −343

Subjects 51 27 24

Note: Clustered standard errors in parentheses. The superscript * indicates significance

at 5%. For β and σ relative to 0. For η+, η−relative to 1.

Table 10: EU Subjects: RDU model with CARA Utility and Goldstein and

Einhorn (1987) Probability Weighting

Risk averse Risk seeker Risk neutral

β 0.0045∗ (0.0015) −0.0284∗ (0.0022) −0.0020 (0.0013)

η 0.97 (0.0250) 0.90∗ (0.0368) 0.99 (0.0033)

σ 1.72∗ (0.4272) 7.97∗ (1.2392) 1.82∗ (0.7118)

LL −300 −62 −63

Subjects 19 9 6

Note: Clustered standard errors in parentheses. The superscript * indicates significance

at 5%. For β and σ relative to 0. For η relative to 1.
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Appendix A: Classification Rules
For presenting the criteria that classifies subjects into groups, let ajk,l de-

note the number of gambles an individual accepts in skew condition j when

he faces gambles k to l, where k < l ∈ {2, ..., 10} and j ∈ {N,Z, P}. Fur-

thermore, to simplify notation, let the total number of gambles an individual

accepts in skew condition j be denoted by aj = aj1,10.

Subjects are classified into groups according to the choices they made in

the three skew conditions as described in Table 6. The table also displays the

number of subjects in each group and the mean number of lotteries accepted

by each group across skew conditions.

We start with classifying subjects as either EU, PT, or multiple switchers.

The last category contains subjects who switch more than once from accept-

ing to rejecting lotteries in a given skew condition. Hence, we only retain as

EU or PT those subjects that have a unique switching point in each skew

condition.

insert Table 6 here

A narrow framing EU individual (EU individual from now on) does not

integrate the gambles with labor income, wealth and/or background risks.

Hence, an EU individual compares the utility of rejecting the gamble and

keeping the endowment, u(w), with the expected utility of accepting the

gamble Xj
i , E[u(w +Xj

i )].

An EU individual rejects lottery Xj
i when E[u(w+Xj

i )] < u(w), accepts

lottery Xj
i when E[u(w+Xj

i )] > u(w), and is indifferent between acceptance

or rejection of lottery Xj
i when E[u(w+Xj

i )] = u(w). The choices of an EU

individual are driven only by the shape of his utility function and he can be
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risk neutral (linear u), averse (concave u), or seeking (convex u).

A risk neutral EU individual compares the mean of each lottery to zero,

rejects all lotteries with a negative mean and accepts all lotteries with a

positive mean. Since our first five lotteries have positive mean and our last

four lotteries have negative mean, a risk neutral EU individual accepts the

first five lotteries and rejects the last four, that is, aj1,5 = 5 and aj7,10 = 0

for all j. Therefore, the choices of risk neutral EU individual are given by

aN , aZ , aP ∈ {5, 6}. This condition is referred to as A1 in Table 6.

A risk averse EU individual rejects negative mean lotteries, that is, he

rejects Xj
i with i ≥ 7 for all j. Additionally, he also rejects lotteries XP

6 ,

XZ
6 , and X

N
6 since these are mean-preserving spreads of the sure amount 0.

Hence, a risk averse EU individual rejects lotteries Xj
i with i ≥ 6 for all j,

that is, aj6,10 = 0 for all j. This implies that for a risk averse EU individual

aj ≤ 5 for all j, the inequality being strict for at least one j.

A risk seeking EU individual accepts positive mean lotteries, that is, he

accepts Xj
i with i ≤ 5 for all j. Additionally, he also accepts lotteries X

P
6 ,

XZ
6 , and XN

6 since these are mean-preserving spreads of 0. Hence, a risk

seeking EU subject accepts lotteries Xj
i with i ≤ 6 for all j, that is, a

j
1,6 = 6

for all j. This implies that for a risk seeking EU individual aj ≥ 6 for all j,

the inequality being strict for at least one j.

Chiu (2010) establishes a skewness-comparability condition on probability

distributions that is necessary and sufficient for any decision-maker’s prefer-

ences over the distributions to be determined by the first three moments of

the distributions. Under the condition, an EU maximizer’s preferences for

a larger mean, a smaller variance, and a larger third moment are shown to
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parallel, respectively, his preferences for a first-degree stochastic dominance

improvement, a mean-preserving contraction, and a downside risk increase.

He also shows that all Bernoulli gambles satisfy the skewness-comparability

condition and therefore individuals’ choices between Bernoulli gambles can

be understood as trade-offs between mean, variance, and skewness. That is,

we can write

E[u(w +Xj
i )] = U(w,E(Xj

i ), V (X
j
i ), S(X

j
i )) = U(Y j

i ).

Finally, he shows that when a decision-maker’s preferences over gambles

only depends on their means, variances, and third moments, then aversion

to larger variances implies risk aversion and precludes taking fair gambles

whatever the strength of the skewness preference.

Chiu’s (2010) results and conditions (1), (2), and (5) impose additional

constraints on the choices of risk averse EU individuals. First, a risk averse

EU individual who is indifferent to skew has U(Y Z
i ) > U(Y N

i ) > U(Y P
i ) for

all i ≤ 5. This implies either aZ > aN ≥ aP or aZ ≥ aN > aP . Second, a risk

averse EU individual who dislikes skew has U(Y Z
i ) ≥ U(Y N

i ) > U(Y P
i ) for

all i ≤ 5. This implies either aZ > aN ≥ aP or aZ ≥ aN > aP . Third, a risk

averse EU individual who likes skew and whose aversion to risk is low relative

to love for skew has U(Y Z
i ) ≥ U(Y P

i ) > U(Y N
i ) for all i ≤ 5. This implies

either aZ ≥ aP > aN or aZ > aP ≥ aN . Fourth, a risk averse EU individual

who likes skew and whose aversion to risk is high relative to love for skew has

U(Y Z
i ) > U(Y N

i ) ≥ U(Y P
i ) for all i ≤ 5. This implies either a

Z > aN ≥ aP

or aZ ≥ aN > aP . The non-redundant conditions are summarized as A2 and

A3 in Table 6. Finally, an extremely risk averse EU individual can reject all

gambles, that is, aj = 0 for all j (A4).
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Similarly, Chiu’s (2010) results and conditions (1), (4), and (5) impose

additional constraints on the choices of risk seeking EU individuals. First, a

risk seeking EU individual who is indifferent to skew has U(Y N
i ) > U(Y P

i ) >

U(Y Z
i ) for all i ≥ 7. This implies either aN > aP ≥ aZ or aN ≥ aP >

aZ . Second, a risk seeking EU individual who dislikes skew has U(Y N
i ) >

U(Y P
i ) ≥ U(Y Z

i ) for all i ≥ 7. This implies a
N > aP ≥ aZ or aN ≥ aP > aZ .

Third, a risk seeking EU individual who likes skew and whose love for risk

is low relative to love for skew has U(Y P
i ) > U(Y N

i ) ≥ U(Y Z
i ) for all i ≥ 7.

This implies either aP > aN ≥ aZ or aP ≥ aN > aZ. Fourth, a risk seeking

EU individual who likes skew and whose love for risk is high relative to love

for skew has U(Y N
i ) ≥ U(Y P

i ) > U(Y Z
i ) for all i ≥ 7. This implies either

aN ≥ aP > aZ or aN > aP ≥ aZ . The relevant conditions are summarized as

A5 and A6 in Table 6. Finally, an extremely risk seeking EU individual can

accept all gambles, that is, aj = 10 for all j (A7).9

A subject whose choices meet none of the conditions A1-A7 but which

have a unique switching point in each skew condition is called a PT subject.

We classify PT subjects into three groups according to the pattern of prob-

ability weighting: those whose choices are consistent with inverse s-shape

probability weighting, s-shape probability weighting, and others (see Table

6 under PT heading). Those with non-unique switching points are listed in

the second to last row in Table 6.

A PT subject whose choices are consistent with inverse s-shape proba-

bility weighting can (i) accept less or the same number of lotteries in the

9Appendix B applies the classification scheme to the choices of an EU individual with

exponential utility and an endowment of 65 CHF.
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negative skew condition than in the zero skew condition and accept less lot-

teries in the zero skew condition than in the positive skew condition (B1), or

(ii) accept less lotteries in the negative skew condition than in the zero skew

condition and accept less or the same number of lotteries in the zero skew

condition than in the positive skew condition (B2).

A PT subject whose choices are consistent with s-shape probability weight-

ing can (i) accept less or the same number of lotteries in the positive skew

condition than in the zero skew condition and accept less lotteries in the zero

skew condition than in the negative skew condition (B3), or (ii) accept less

lotteries in the positive skew condition than in the zero skew condition and

accept less or the same number of lotteries in the zero skew condition than

in the negative skew condition (B4).

A PT subject whose choices meet none of the conditions (B1)-(B4) is

considered to belong to the category others. This category can be decomposed

into four subgroups: those who accept less lotteries in zero skew condition

than the minimum of the lotteries accepted in the negative and positive skew

conditions (C1), those who accept more lotteries in the zero skew condition

than the maximum of the lotteries accepted in the negative and positive skew

conditions (C2), those who accept the same number of lotteries in the three

skew conditions and aj1,10 ∈ {1, 2, 3, 4} (C3), and those who accept the same

number of lotteries in the three skew conditions and aj1,10 ∈ {7, 8, 9} (C4).
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Appendix D: EU Choices—Exponential Utility
Table 11 maps the choices of a EU individual with an exponential utility

along the three skew conditions with different values for risk aversion (the

parameter β) and gives the subject classification for each case.

insert Table 11 here

Table 11 shows that the theoretical and our choice classification coincide

in all cases except in the two cases close to risk neutrality. Of course, in

theory, an individual is risk neutral only when β = 0. As choices made by

individuals with values of β in the close vicinity of zero choices satisfy A1

and therefore, these individuals are classified as risk neutral, despite being

slightly risk loving, β ∈ (−0.0039, 0), or slightly risk averse, β ∈ (0, 0.0038].

This mismatch between the theoretical and the choice classification for

slight risk averse and slight risk seeking subjects happens in all experiments

that use a multiple price list design to elicit risk attitudes (see, for example,

Holt and Laury, 2002).
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Table 11: Gambles Accepted by an EU Individual with Exponential Utility

Range for β Risk profile Gambles accepted in N ,Z,P Condition

β ≤ −0.0653 seeker 10,10,10 A7

−0.0652 < β ≤ −0.0549 seeker 10,9,10 A5

−0.0548 < β ≤ −0.0414 seeker 10,8,10 A5

−0.0413 < β ≤ −0.0370 seeker 10,7,10 A5

−0.0369 < β ≤ −0.0238 seeker 10,7,9 A5

−0.0237 < β ≤ −0.0222 seeker 10,6,9 A5

−0.0221 < β ≤ −0.0122 seeker 10,6,8 A5

−0.0121 < β ≤ −0.0111 seeker 10,6,7 A5

−0.0110 < β ≤ −0.0093 seeker 9,6,7 A5

−0.0092 < β ≤ −0.0069 seeker 8,6,7 A6

−0.0068 < β ≤ −0.0052 seeker 7,6,7 A6

−0.0051 < β ≤ −0.0039 seeker 7,6,6 A6

−0.0039 < β < 0 seeker 6,6,6 A1

β = 0 neutral 5 or 6 in each condition A1

0 < β ≤ 0.0038 averse 5,5,5 A1

0.0038 < β ≤ 0.0051 averse 5,5,4 A3

0.0051 < β ≤ 0.0068 averse 4,5,4 A2

0.0068 < β ≤ 0.0092 averse 4,5,3 A2

0.0092 < β ≤ 0.0111 averse 4,5,2 A2

0.0111 < β ≤ 0.0121 averse 4,5,1 A2

0.0121 < β ≤ 0.0126 averse 3,5,1 A2

0.0126 < β ≤ 0.0221 averse 3,5,0 A2

0.0221 < β ≤ 0.0332 averse 2,5,0 A2

0.0332 < β ≤ 0.0369 averse 2,4,0 A2

0.0369 < β ≤ 0.0603 averse 1,4,0 A2

0.0603 < β ≤ 0.0822 averse 0,4,0 A2

0.0822 < β ≤ 0.1604 averse 0,3,0 A2

0.1604 < β ≤ 0.3046 averse 0,2,0 A2

0.3046 < β ≤ 0.5080 averse 0,1,0 A2

0.5080 < β averse 0,0,0 A4

Note: The choices shown are for a utility u = [1− e−β(65+x)]/β.
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Appendix C:Details on Experimental Design

The experiment was performed in the IEW-lab at University of Zurich.

All subjects were students of the University of Zurich or the Swiss Federal

Institute of Technology Zurich (ETH). Economists and psychologists were

excluded from the subject pool. We used the recruitment system ORSEE

(Greiner, 2004). Each subject participated in only one session. Subjects in

both stake conditions were randomly allocated to each of the six possible

sequences of skew conditions.

To make sure that subjects fully understood the procedures and the pay-

off consequences of the available actions, each subject had to read a detailed

set of instructions before the session started and was allowed to ask clarify-

ing questions. After subjects read the instructions and completed the three

sets of choices they answered demographic questions. After completing the

demographic questions all subjects returned their questionnaires to the ex-

perimenter.

After that subjects’ earnings were determined. The choice of which skew

condition was used to determine earnings (decision set A, B, or C) was made

using a six-sided die. Subjects were told that: “If the outcome of the six-

sided die is either 1 or 2, decision set A counts, if the outcome is either 3 or

4, decision set B counts, and if the outcome is either 5 or 6 decision set C

counts.”

The decision used to determine earnings (decisions 1 through 10) and the

realization of the lottery associated with that decision was made using a ten-

sided die. Subjects were told that: “We will use a ten sided-die to determine

your payoffs. A volunteer will throw this die twice, once to select one of the
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ten decisions to be used, and a second time to determine the payoff if you

chose ‘Accept’ for that lottery.”

One experimenter announced the outcome of the dice orally and another

one wrote them on a whiteboard. Each subject was paid according to his or

her choices and the realizations of the six-sided and ten-sided dice.

The mean earnings of subjects in the 1x stake condition were 79.18 CHF

and 173.74 CHF in the 2x stake condition (excluding the 10 CHF show-up

fee). Total earnings paid to subjects including show-up fees were 13,409.00

CHF.
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Appendix D:Experimental Material

Research Study

Decision-Making under Risk

Instructions

Read these instructions carefully as your understanding of them will affect

your ability to earn money.

Your decision sheet shows a table with ten decisions listed on the left.

Each decision is a choice between "Accept" and "Reject" the Lottery. If

you Accept the lottery you have the chance of either winning or losing some

money. If you Reject the lottery you will not earn anything and you will not

lose anything — your payoff will be zero.

You will make ten choices and record these by ten check marks, but only

one of them will be used in the end to determine your earnings. Before you

start making your ten choices, please let me explain how these choices will

affect your earnings for this part of the experiment.

We will use a ten-sided die to determine payoffs; the faces are numbered

from 1 to 10 (the "0" face of the die will serve as 10.) After you have made

all of your choices, we will throw this die twice, once to select one of the ten

decisions to be used, and a second time to determine your payoff if you chose

"Accept" for that Lottery.

Even though you will make ten decisions, only one of these will end up

affecting your earnings, but you will not know in advance which decision will

be used. Obviously, each decision has an equal chance of being used in the

end.
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Now, please look at Decision 1 at the top of Example Problem Set on the

next page. If you Accept the Lottery you will earn 50.00 CHF if the throw

of the ten sided die is 1, and you will lose 5.00 CHF if the throw is 2-10.

The other Decisions are similar, except that as you move down the table,

the value of the highest payoff decreases. For each Decision you are asked to

choose whether or not you want to take the gamble by checking the Accept

or Reject columns.

This table is just an example and is not to be used to make real decisions.

The problems for which you will be asked to make decisions have a similar

structure, but the magnitudes of the gains and losses will be different, as well

as the numbers on the dies that will determine if you make a gain or a loss.

Your gains - You may win or lose money if you Accept the Lottery. If

you win you will be paid the amount won; if you lose you will have to pay

the amount lost. The maximum amount that you can lose in the gambles is

CHF 65. However, because we don’t want you to end with less money than

you started out you will be given CHF 65 from which we will deduct any loss

that you may experience. In addition, you will be paid an additional CHF

15 as a compensation for your time spent.

There will be a total of three problem sets (A B, and C), each composed

of ten decisions. In each problem set the gains, losses and chances to win

will be different. In the end we will only use one of the three problem sets to

determine your earnings. The choice of which problem set to use to determine

earnings will be made by using a six-sided die. Each problem set has the same

probability of being chosen. If the outcome of the six sided die is either 1 or

2, problem set A counts, if the outcome is either 3 or 4 set B counts, and if
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the outcome is either 5 or 6 set C counts.

To summarize, in each problem set you will make ten choices: for each

choice you will have to decide between Accept or Reject the Lottery. You

may choose Accept for some decisions and Reject for other decisions, and

you may change your decisions and make them in any order. When you are

finished with making all ten choices you will move on to the next problem

set. This will be repeated three times. After the three problems sets are

done, we will ask you a few demographic questions about yourself.

At the end, a randomly chosen participant will first cast a six sided die,

numbered from 1 to 6, and then a 10-sided die, numbered 0 to 9 to select the

decision which determines your earnings. The 6-sided die will decide which

problem will be used and the 10-sided die will decide which decision will be

used to determine your gains or losses. The same participant will then throw

the 10-sided die again to choose whether you win or lose on that Lottery if

you decided to Accept that lottery. You will be paid all earnings in cash

when finished.

Are there any questions? Now you may begin making your choices.

Please, do not talk with anyone while we are doing this; raise your hand

if you have a question.

Problem Set A

Instructions

Your decision sheet shows ten decisions listed on the left. Each decision

is a choice between "Accept" and "Reject" the Lottery. If you Accept the
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lottery you have the chance of either winning or losing some money. If you

Reject the lottery you will not earn anything and you will not lose anything

— your payoff will be zero.

You will make ten choices and record these by ten check marks, but only

one of them will be used in the end to determine your earnings.

In this problem set, the gains and losses associated to each choice is dif-

ferent from before. Also, note that whether there will be gains or losses may

be determined by different numbers on the dice. Once you have completed

your choices you will move on to the next problem set. Earnings will be

determined at the end of the study.

Please check whether you Accept or Reject each lottery

Problem Set B

Instructions

As before, your decision sheet shows ten decisions listed on the left. Each

decision is a choice between "Accept" and "Reject" the Lottery. If you Accept

the lottery you have the chance of either winning or losing some money. If you

Reject the lottery you will not earn anything and you will not lose anything

— your payoff will be zero.

You will make ten choices and record these by ten check marks, but only

one of them will be used in the end to determine your earnings.

In this problem set, the gains and losses associated to each choice is dif-

ferent from before. Also, note that whether there will be gains or losses may

be determined by different numbers on the dice. Once you have completed
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your choices you will move on to the next problem set. Earnings will be

determined at the end of the study.

Please check whether you Accept or Reject each lottery

Problem Set C

Instructions

As before, your decision sheet shows ten decisions listed on the left. Each

decision is a choice between "Accept" and "Reject" the Lottery. If you Accept

the lottery you have the chance of either winning or losing some money. If you

Reject the lottery you will not earn anything and you will not lose anything

— your payoff will be zero.

You will make ten choices and record these by ten check marks, but only

one of them will be used in the end to determine your earnings.

In this problem set, the gains and losses associated to each choice is dif-

ferent from before. Also, note that whether there will be gains or losses may

be determined by different numbers on the dice. Once you have completed

your choices you will move on to the next problem set. Earnings will be

determined at the end of the study.

Please check whether you Accept or Reject each lottery

55



Table 12: Example Problem Set (not to be used for actual decisions)

Decision Lottery Accept Reject

1 50 CHF if the throw of the die is 1

-5 CHF if the throw of the die is 2-10

2 45 CHF if the throw of the die is 1

-5 CHF if the throw of the die is 2-10

3 40 CHF if the throw of the die is 1

-5 CHF if the throw of the die is 2-10

4 35 CHF if the throw of the die is 1

-5 CHF if the throw of the die is 2-10

5 30 CHF if the throw of the die is 1

-5 CHF if the throw of the die is 2-10

6 25 CHF if the throw of the die is 1

-5 CHF if the throw of the die is 2-10

7 20 CHF if the throw of the die is 1

-5 CHF if the throw of the die is 2-10

8 15 CHF if the throw of the die is 1

-5 CHF if the throw of the die is 2-10

9 10 CHF if the throw of the die is 1

-5 CHF if the throw of the die is 2-10

10 5 CHF if the throw of the die is 1

-5 CHF if the throw of the die is 2-10
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Table 13: Problem Set A

Decision Lottery Accept Reject

1 70 CHF if the throw of the die is 1

-5 CHF if the throw of the die is 2-10

2 65 CHF if the throw of the die is 1

-5 CHF if the throw of the die is 2-10

3 60 CHF if the throw of the die is 1

-5 CHF if the throw of the die is 2-10

4 55 CHF if the throw of the die is 1

-5 CHF if the throw of the die is 2-10

5 50 CHF if the throw of the die is 1

-5 CHF if the throw of the die is 2-10

6 45 CHF if the throw of the die is 1

-5 CHF if the throw of the die is 2-10

7 40 CHF if the throw of the die is 1

-5 CHF if the throw of the die is 2-10

8 35 CHF if the throw of the die is 1

-5 CHF if the throw of the die is 2-10

9 30 CHF if the throw of the die is 1

-5 CHF if the throw of the die is 2-10

10 25 CHF if the throw of the die is 1

-5 CHF if the throw of the die is 2-10
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Table 14: Problem Set B

Decision Lottery Accept Reject

1 6 CHF if the throw of the die is 1-5

-1 CHF if the throw of the die is 6-10

2 6 CHF if the throw of the die is 1-5

-2 CHF if the throw of the die is 6-10

3 6 CHF if the throw of the die is 1-5

-3 CHF if the throw of the die is 6-10

4 6 CHF if the throw of the die is 1-5

-4 CHF if the throw of the die is 6-10

5 6 CHF if the throw of the die is 1

-5 CHF if the throw of the die is 2-10

6 6 CHF if the throw of the die is 1-5

-6 CHF if the throw of the die is 6-10

7 6 CHF if the throw of the die is 1-5

-7 CHF if the throw of the die is 6-10

8 6 CHF if the throw of the die is 1-5

-8 CHF if the throw of the die is 6-10

9 6 CHF if the throw of the die is 1-5

-9 CHF if the throw of the die is 6-10

10 6 CHF if the throw of the die is 1-5

-10 CHF if the throw of the die is 6-10
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Table 15: Problem Set C

Decision Lottery Accept Reject

1 -20 CHF if the throw of the die is 1

5 CHF if the throw of the die is 2-10

2 -25 CHF if the throw of the die is 1

5 CHF if the throw of the die is 2-10

3 -30 CHF if the throw of the die is 1

5 CHF if the throw of the die is 2-10

4 -35 CHF if the throw of the die is 1

5 CHF if the throw of the die is 2-10

5 -40 CHF if the throw of the die is 1

5 CHF if the throw of the die is 2-10

6 -45 CHF if the throw of the die is 1

5 CHF if the throw of the die is 2-10

7 -50 CHF if the throw of the die is 1

5 CHF if the throw of the die is 2-10

8 -55 CHF if the throw of the die is 1

5 CHF if the throw of the die is 2-10

9 -60 CHF if the throw of the die is 1

5 CHF if the throw of the die is 2-10

10 -65 CHF if the throw of the die is 1

5 CHF if the throw of the die is 2-10
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Appendix E: PT Choices—Opposing Forces
Here we show that inverse s-shape probability weighting leads to choices

that go in the opposite direction of diminishing sensitivity to outcomes. More

precisely, we show that inverse s-shape probability weighting (with an inflec-

tion point at 0.5) implies accepting at least one positive skew gamble with

negative mean and rejecting at least one negative skew gamble with posi-

tive mean whereas diminishing sensitivity to outcomes implies rejecting at

least one positive skew gamble with positive mean and accepting at least one

negative skew gamble with negative mean.

Taking r = 0 and u(0|0) = 0, a PT agent with gain-loss utility given by

(10) rejects gamble X if

h+(p)u+(g)− λh−(1− p)u−(−l) < 0,

or

λ
h−(1− p)

h+(p)
>

g

−l

u+(g)/g

u−(−l)/(−l)
. (13)

If the inequality holds in the opposite direction the agent accepts gamble X.

Proposition 1: If a PT agent only displays inverse s-shape probability

weighting with an inflection point at 0.5, then he (i) accepts the six positive

skew gambles with non-negative mean and accepts at least one positive skew

gamble with negative mean, and (ii) rejects the five negative skew gambles

with non-positive mean and rejects at least one negative skew gamble with

positive mean.

Proof of Proposition 1: Consider a PT agent who displays inverse s-

shape probability weighting with an inflection point at 0.5 and who must

decide between accepting or rejecting the positive skew gamble with zero
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mean XP = (p, g; 1− p, l), where g > −l and p = −l
g−l

< 0.5. To rule out loss

aversion, diminishing sensitivity to outcomes, and differences in probability

weighting across the gain and loss domains we set λ = 1, u+(x) = x for

x ≥ 0, u−(−x) = x for x < 0, h+(p) = h(p) and h−(1 − p) = 1 − h(p).

Hence, (13) becomes 1−h(p)
h(p)

> g
−l
. Inverse s-shape probability weighting with

an inflection point at 0.5 implies p < h(p) < 0.5. This agent accepts gamble

XP since p < h(p) and p = −l
g−l
imply 1−h(p)

h(p)
< g

−l
. Now suppose the same

agent must decide between accepting or rejecting the negative skew gamble

with zero mean XN = (p, g; 1 − p, l), where g < −l and p = −l
g−l

> 0.5.

Inverse s-shape probability weighting with an inflection point at 0.5 implies

0.5 < h(p) < p. This individual rejects gamble XN since h(p) < p and

p = −l
g−l
imply 1−h(p)

h(p)
> g

−l
. Hence, if inverse s-shape probability distortion

with an inflection point at 0.5 is sufficiently strong, this agent will accept at

least one positive skew gamble with negative mean and reject at least one

negative skew gamble with positive mean.

Proposition 2: If a PT agent only displays diminishing sensitivity to out-

comes, then he (i) rejects the five positive skew gambles with non-positive

mean and rejects at least one positive skew gamble with positive mean, and

(ii) accepts the six negative skew gambles with non-negative mean and ac-

cepts at least one negative skew gamble with negative mean.

Proof of Proposition 2: Consider a PT agent who only displays dimin-

ishing sensitivity to outcomes and must decide between accepting or reject-

ing gamble XP . To rule out loss aversion, differences in sensitivity to out-

comes across the gain and loss domains, and probability weighting we set

λ = 1, u+(x) = u(x) for x ≥ 0, u−(−x) = u(x) for x < 0, h+(p) = p, and
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h−(1 − p) = 1 − p. Hence, (13) becomes 1−p
p

> g
−l

u(g)/g
u(−l)/l

. Since g > −l,

diminishing sensitivity to outcomes implies u(g)/g
u(−l)/l

< 1. This agent rejects

gamble XP since
u(g)/g
u(−l)/l

< 1 and p = −l
g−l
imply 1−p

p
< g

−l
u(g)/g
u(−l)/l

. Now sup-

pose the same agent must decide between accepting or rejecting gamble XN .

Since g < −l, diminishing sensitivity to outcomes implies u(g)/g
u(−l)/l

> 1. This

agent accepts gamble XN since
u(g)/g
u(−l)/l

> 1 and p = −l
g−l
imply 1−p

p
< g

−l
u(g)/g
u(−l)/l

.

Hence, if diminishing sensitivity to outcomes is sufficiently strong, this agent

will reject at least one positive skew gamble with positive mean and accept

at least one negative skew gamble with negative mean.
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Appendix F: Sensitivity Analysis
Here we check the sensitivity of our results to an alternative form of nonlinear

probability weighting. To do that we perform our main estimations replacing

Goldstein and Einhorn’s (1987) probability weighting function by Prelec’s

(1998): h(p) = exp(−(− ln p)η), where η > 0. When η < 1 we have inverse

s-shape and when η > 1 we have s-shape probability weighting. When η = 1

there is no probability weighting. This function has an invariant fixed and

inflection point at p = 1/e ≃ 0.37. The estimates obtained for EU and PT

subjects are reported in Tables 16 and 17, respectively.

Table 16: EU and PT Subjects: RDU model with CARA Utility and Prelec

(1998) Probability Weighting

EU PT

β −0.0001 (0.0013) −0.0017 (0.0011)

η 0.99 (0.0138) 0.87∗ (0.0276)

σ 3.21∗ (0.6403) 4.78∗ (0.6407)

LL −590 −1138

Subjects 34 67

Note: Clustered standard errors in parentheses. The superscript * indicates significance

at 5%. For β and σ relative to 0. For η relative to 1.

Column 1 in Table 16 tells us that, on average, the estimate for β is

not significantly different from zero and that EU subjects do not seem to

distort probabilities, as the estimate for η is not significantly different from

1. Column 2 in provides estimates for PT subjects using the RDU model.

The estimate for η is 0.87 and is significantly less than 1. This estimate

for η implies decision weights π1 = 0.87 and π2 = 0.13 for negative skew
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lotteries, π1 = 0.5 and π2 = 0.5 for zero skew lotteries, and π1 = 0.13 and

π2 = 0.87 for positive skew lotteries. These decision weights are very close

to the ones obtained with the RDU model under Goldstein and Einhorn’s

(1987) probability weighting function.

Table 17: PT Subjects: PT model with CARA Utility and Prelec (1998)

Probability Weighting

(1) (2) (3) (4)

β 0.0017 (0.0013) 0.0018 (0.0011)

β+ 0.0164∗ (0.0052) 0.0211∗ (0.0073)

β− −0.0084∗ (0.0043) 0.0048 (0.0048)

η 0.94 (0.0366) 0.71∗ (0.0489)

η+ 0.97∗ (0.0127) 0.53∗ (0.1056)

η− 1.04 (0.0339) 0.85 (0.0835)

λ 1.03∗ (0.0083) 0.71∗ (0.0747) 1.02 (0.1149) 0.79∗ (0.0892)

σ 3.31∗ (0.4396) 2.40∗ (0.3487) 2.91∗ (0.3746) 2.40∗ (0.3793)

LL −1096 −1073 −1085 −1067

Subjects 67 67 67 67

Note: Clustered standard errors in parentheses. The superscript * indicates significance

at 5%. For β, β+, β−, and σ relative to 0. For η, η+, η−, and λ relative to 1.

Table 17 provides estimates for PT subjects using the four specifications

of the PT model. In models 1 and 3 we don’t find diminishing sensitivity

to outcomes since β is not statistically significantly different from 0. In

model 1 we also don’t find evidence for probability weighting since η is not

statistically significantly different from 1. In model 3 there is statistical

evidence for probability weighting but this is not economically significant
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since the estimate for η is very close to 1. In model 1 there is statistical

evidence for loss aversion but this is not economically significant since the

estimate for λ is very close to 1. Finally, in model 3 there is no evidence for

loss aversion.

In model 2 we find support for concave utility in the gain and loss domains

since β+ is significantly greater than 0 and β− is significantly less than 0. We

also find evidence for inverse s-shape probability weighting since the estimate

for η is 0.71. Finally, the estimate for λ is significantly less than 1.

In model 4 the estimates for β+ and β− of 0.021 and 0.004 are statistically

significantly different (pvalue = 0.0492). The estimate for β+ is significantly

greater than zero but the estimate for β− is not significantly different from

zero. This indicates concavity in the gain domain and linearity in the loss

domain. The estimates for η+ and η− of 0.53 and 0.85 are statistically sig-

nificantly different (pvalue = 0.0349). The estimate for η+ is significantly less

than unity but the estimate for η− is not significantly different from unity.

This indicates inverse s-shape probability weighting in the gain domain and

linear probability weighting in the loss domain. The estimates for η+ and

η− imply π1 = h+(0.9) = 0.76 and π2 = h−(0.1) = 0.13 for negative skew

lotteries and π1 = h+(0.1) = 0.24 and π2 = h−(0.9) = 0.87 for positive skew

lotteries. Finally, the estimate for λ is significantly less than 1.
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