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This paper introduces a parameter-free method for measuring the weighting functions of
prospect theory and rank-dependent utility. These weighting functions capture risk attitudes,
subjective beliefs, and ambiguity attitudes. Our method, called the midweight method, is
based on a convenient way to obtain midpoints in the weighting function scale. It can be used
both for risk (known probabilities) and for uncertainty (unknown prititi@b). The resulting
integrated treatment of risk and uncertainty is particularly useful for measuring the differences
between them: ambiguity. Compared to existing methods to measure ambiguity attitudes, our
method is more efficient and it can accommodate violations of expected utility under risk. An
experiment demonstrates the feasibility and tractability of our method, yielding plausible
results such as ambiguity aversion for moderate and high likelihoods but ambiguity seeking

for low likelihoods, as predicted by Ellsberg.
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1. Introduction

Because of the many violations of expected utility (Starmer 2000, Gilboa 2004),
nonexpected utility theories have been developed so as to better explain empirical findings.
Most nonexpected utility theories use weighting functions that generalize (subjective)
probabilities by relaxing additivity. Obviously, the increased flexibility for accommodating
data comes at a price: eliciting nonadditive weighting functions takes extra work. This paper
aims to simplify this work, both for risk (known probabilities) and for ambiguity (no
probabilities aré&nown or conceivable).

Since Keynes (1921) and Knight (1921), it has been understood that ambiguity is more
important than risk. Probabilities are rarkhyown in practice. Nevertheless, until the late
1980s, virtually all papers in decision theory exclusively dealt with risk. Some, building on
Savage (1954), did consider uncertainty (which includes both risk and ambiguity) but then
only under the assumption that there exist subjective probabilities, to be used within the
Bayesian expected utility model. This Bayesian approach stays close to risk and cannot
capture ambiguity that, as demonstrated by Ellsberg (1961), entails a more fundamental
breakaway from risk. For a long time, no one was able to develop behaviorally sound models
for ambiguity. Only 68 years after Keynes (1921) and Knight (1921), Schmeidler (1989) and
Gilboa & Schmeidler (1989) succeeded in doing so. Tversky & Kahneman (1992)
incorporated these models into the psychologically founded prospect theory. Thus, only in
the 1990s could a serious study of ambiguity begin. Up to today, however, there have only
been few empirical measurements of weighting functions for ambiguity. They were all
laborious and most measurements, such as those based on the popular multiple griors and
maxmin models (Gilboa & Schmeidler 1989), assumed the descriptively problematic
expected utility model for risk.

For the special case of risk, many studies have measured probability weighting functions
through parametric fitting techniques (Andersen et al. 2007). Advantages are that these
techniques can be applied to virtually any data set, and that they smooth errors in the data. A
drawback is that the techniques require prior commitment to particular parametric families.
These impose particular shapes of the weighting function that may not hold in reality, and
give no insights into the prevalence of alternative shapes. Some examples are Hey & Orme
(1994) and Harless & Camerer (1994) who used power functions, excluding inverse-S shapes,
and Donkers, Meelenberg, & van Soest (2001) who committed to inverse-S shapes, excluding
all other shapes. Another drawback is that these methods are often subject to colinearity

effects, where utility and the weighting functions have similar effects and cannot be reliably
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separated from the data, with errors in one generating errors in the other (Stott 2006 pp. 112,
121).

An obvious advantage of nonparametric measurements is that they need no pior
commitment to any shape, and that they will uncover true patterns and phenomena
irrespective of what those are. They also make clear to what extent utility and weighting
functions overlap or can be separated. Further, they show how probability weighting and
utility are related to decisions in a transparent manner. Hence they can be used in interactive
measurement sessions.

This paper introduces a nonparametric method for eliciting weighting functions that can
be used both for risk and for uncertainty. Our method is called the midweight method and is
based on an easy way to obtain midpoints in the weighting function scale. The midweigth
method is more efficient than existing methods both for risk (Abdellaoui 2000; Bleichrodt &
Pinto 2000) and for uncertainty (Abdellaoui et al. 2009; Abdellaoui, Vossmann, & Weber
2005), because it minimizes the need to measure utility. The only restriction for utility is that
for at least one pair of outcomes a utility midpoint has to be available. The method yields the
correct weighting functions completely independently of what utility is, avoiding any
colinearity. We implement our method in experiments both for risk and for uncertainty. Our
findings agree with the common findings, although we find more pessimism for risk than
mostly found.

Most studies of ambiguity up to today only measured a single number that should reflect
a universal aversion towards ambiguity of a person. Abdellaoui et al. (2009) introduced
source functions, and showed how these can capture the full richness of ambiguity and
uncertainty attitudes in a tractable manner. We show how source functions can be measured
more efficiently using the midweight method. Our experiments confirm Abdellaoui et al.’s
(2009) finding that people are ambiguity averse for events of moderate and high likelihood,
but are, on the contrary, ambiguity seeking for unlikely events. This pattern of ambiguity
attitudes was already suggested by Ellsberg (2001, p. 203, p. 206). It underscores that
ambiguity attitudes cannot be modeled through one single number to reflect a universal
degree of ambiguity aversion.

The remainder of this paper is organized as follows. Section 2 briefly presents prospect
theory. Section 3 introduces the midweight method, first for risk, then for uncertainty. An
empirical measurement of the weighting function for risk is presented in Section 4. Section 5
applies the midweight method to measure general uncertainty attitudes, and Section 6 applies
the method to measure source functions and ambiguity. Discussions and conclusions are in
Sections 7, 8, and 9. Throughout this paper, we first present results for risk, and then extend

them to uncertainty. In this way, we make this paper accessible to readers unfamiliar with the



95 relatively new models of ambiguity. This presentation also illustrates that risk is a subcase of
96 uncertainty rather than a separate case.
97

98 2. Prospect Theory for Risk and for Uncertainty

99 Outcomes are monetary, wiRi the outcome set. For simplicity, we do not consider
100 losses (negative outcomes). Because the midweight method will require no more than three
101 distinct outcomes, we focus on this case in this theoretical exposition. For discussions and
102 motivations of the following theories, see Wakker (2009).
103 We first consider decision under risk. We use Tversky & Kahneman’s (1992) prospect
104 theory, which coincides with Quiggin’'s (1981) rank-dependent utility because we only
105 consider gains. Itis an improved version of Kahneman & Tversky’s (1979) original prospect
106 theory because it corrects a theoretical problem of probability weighting, and allows more
107 than two nonzero outcomes (Wu, Zhang, & Abdellaoui 2085)rospect(p:X1, P2:X2, P3:Xa)
108 yields % with probability p, j = 1,2,3. The js are nonnegative and sumto 1. The prospect is
109 evaluated by:

110 (for x12X22X3): W(p)U(X1) + W((p1+p2) — W(p))U(X2) + (1-W(p:1+p))U(xs).  (2.1)

111 Here U denotestility, which is continuous and strictly increasing. Timebability)

112  weighting functiorw maps [0,1] to [0,1] and is strictly increasing and continuous, with=w(0)

113 O and w(1¥r1. Inwhat follows, ¥y denotes the two-outcome prospect yielding x with

114  probability p and y with probability-3p.

115 We now turn to decision under uncertainty. The major improvement of Tversky &

116 Kahneman's (1992) prospect theory relative to the 1979 version was that the new theory

117 could handle not only risk, but also the more important context of uncertainty (which includes
118 ambiguity). We will use this extension in our study, where it coincides with Gilboa’'s (1987)
119 and Schmeidler’s (1989) rank-dependent utility because no losses are involved. Under

120 uncertainty, prospects assign outcomes to uncertain events of which the probabilities need not
121 be known. In our experiment, the uncertain events concern the average temperature in the
122  Dutch city Eindhoven 11 days ahead.:XE ExX,, EsiXs) denotes therospectyielding x if

123  E obtains, where the;&denote three temperature intervals, or unions of temperature

124 intervals. It is always understood that the &e exhaustive and mutually exclusive. Our

125 subjects had no statistics available so that they did not know the probabilities of these events.
126  Statistics of the past, even if available, would not have eliminated all ambiguity because of
127 changed circumstances today, such as because of global warmjrdenetes the prospect

128 yielding x under event E and y otherwise.



129 We use utility U as before, but instead of the weighting function w for probabilities we
130 use a function W defined on events. For reasons explained later, W is cakeemj(n

131 weighting function W assigns weight 0 to the vacuous event and weight 1 to the universal
132 event, and AIB implies W(A)=W(B). W shares these properties with probability measures.
133 However, W(AIB) £ W(A) + W(B) may hold for disjoint events A,B, violating additivity,

134 and this is where W generalizes probability measures. A prospeat &&:Xz, EsiXs) is

135 evaluated by:
136 (for x;2X22x3): W(E)U(X1) + (W(E:DE2) ~W(E1))U(X2) + (L-W(E.LEy))U(X3). (2.2)

137 Risk can be considered the special case of uncertainty where probabititiegjven for the
138 events E and W(E)=w(p;). So as to maximally clarify that risk is a special case of

139 uncertainty rather than a separate case, we use the same terms for risk and uncertainty
140 whenever no confusion arises.

141 Convexityof w can be defined as

142 w(a+b) - w(b) < w(a+b+i) — w(b+i) for all nonnegative a,b,i. (2.3)
143 Itis naturally extended to uncertainty, with &nvexf

144 W(AOB) - W(B) < W(AOBOI) — W(BLI) for all disjoint sets A,B, . (2.4)

145 Concavityis defined by reversing the inequality signs. If W is a transform w(P) of a

146  probability measure P, themder some richness assumptions convexity (concavity) of W is
147  equivalent to convexity (concavity) of w (Wakker 2009). Hence, our terminology is

148 consistent. In the domain investigated in our study, we equate the ofterirfeersd-S

149  shapewith concavity for unlikely events and convexity for events of moderate and high

150 likelihood (“cavexity™).

151 Assuming zero decision weight (and probability) for single temperature values, it is

152 immaterial how we take openness and closedness of intervals. For convenience, we usually
153 take intervals left-closed and right-open (except occasionally for bound 1).

154

155 3. The Midweight Method Defined

156 The midweight method, which will measure midpoints in the weighting scale, starts with

157 measuring a midpoint of utility. To this end we measure:

158 Xoy ~ xle and %y ~ xopY for risk, and
159 XocY ~ %Y and %y ~ X Y for uncertainty, 3.1
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with X,>X;>X0>Y >y (as in the tradeoff method of Wakker & Deneffe 1996). Then, with O
T=w(p) or O<Ti=W(E),
T(U(x2) —U(x1)) = (I-)(U(Y) - U(y)) = m(U(x1) - U(xo)), which implies

U(X2) —U(X1) = U(x1) = U(Xo). (3.2)

That is, % is the utility midpoint of xand %. These x-values will be used throughout what
follows, and from here on the preference domain will be restricted to prospects that use only
these three outcomes (called the probability triangle,ofkx.x, for risk).

We first present the midweight method for risk. For any probability a and larger
probability d+a we will find their w-midpoint probability ¢a, with 0<g<d. We start from
the left prospect L = (&3, d:Xy, C:Xg) in Figure 3.1, with ¥ X1, X, as in Egs. 3.1 and 3.2 for
risk. Here d, the probability mass afir the left prospect, will be divided (this is what d
refers to) over the other outcomes to yield the equivalent right prospect R. g is moved to the

high outcome ¥ and the remainder b =g is moved to the low outcome. x

FIGURE 3.1. Distributingd’s weight evenly over
the upper and lower branch
Prospect L Prospect R
4 x gra _,,
d —xq ~
c Xo brc ©

Because the proof of the following theorem may be instructive, it is given in the main

text.

THEOREM 3.1. The indifference in Figure 3.1 implies that

w(a) + w(dt+a)
w(g+a) =

whenever U(X) —U(X1) = U(x) —U(Xo) > 0.

PROOF. Figure 3.2 depicts the decision weights to be derived. The move of g probability

mass from outcomexup to outcome xincreases the prospect theory valudhy (U(xz) -

U(xl)) whered,, is the extra decision weight for the upper bratﬁmt@g+a)— W(a)) (the lower
*in Figure 3.2). The move of b probability mass from outcomgoxvn to outcomegx

decreases the prospect theory valuby (U(x1) — U(xo)) whered,, is the extra decision
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weight for the lower branch, i.e. {iv(g+a)) - (1—W(d+a)) = w(d+a)y-w(g+a) (the upper *
in Figure 3.2). Dropping the equal utility diﬁerencém(g+a)— W(a)) = w(d+a)y-w(g+a)

must hold so as to preserve indifference. The theorem follows.

FIGURE 3.2. Decision weights for prospects of Figure 3.1
decision weights1 & probab|I|t|es for prospect L decision weightsi & probab|I|t|es for prospect R
.......... i —— :
Ti(Xo)
X
w(d+a)q--------------mmm e oo Al s ]—-[—(—9)— ——————————————
: * I
: |
) ; w(grajl§ === === = = -
! I I |
: 1 1
w(a)y------ - e i1l —- -
N4 RGO L !
TI(X2) E d L 1" 9 T p Vo
0:. [ " ]: """ ornann 0 l ................................ l .......... LTI l -------------
et gta 1 0..2.. gra ..gra 1
W| Probabl- probability robabi- probability of », probability of %
g ity of x, of X; ity of Xo
*: decision weight moved from U(x) to U(x) #: probability moved from x; to X,
= decision weight moved from U(x) to U(x))  ##: probability moved from X, to X

Our approach is general in the sense that the weight-midpoint between any two
probabilities can be measured directly. The only richness of outcomes needed is that for at
least one pair of outcomes a utility-midpoint exists. With a method available to measure
midpoints of the weighting function, we can measure the weighting function to any desired
degree of precision. For example, we can start with pnd = 1 to find w(%%), i.e., the
probability correponding to weight ¥%. Then we use@and G w (%) to find w'(¥4), and
So on.

The midweight method can be applied to uncertainty in a way very analogous to risk, as
is explained next. For any event A and a larger evéti B W-midpoint GJA (GOD) can

be determined by eliciting indifference between the prospects,(B:x1, C:Xo) and % ,Xo

as in Figure 3.3.

FIGURE 3.3. DistributingD’s weight evenly over
the upper and lower branch

A GUA

X2 X2
D—xg -
Xo Xo

C BOC
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THEOREM 3.2. The indifference in Figure 3.3 implies that

W(A) + W(DOA)
2

W(GOA) =

whenever U(X) —U(X1) = U(x) —U(Xo) > 0.

PROOF. The proof is similar to that for risk, with the value incre@8¢GA) —
W(A))(U(x2) — U(x1)) of the right prospect equal to its value decr€sg$g1A) -
W(GOA))(U(x1) = U(Xo)), implying the theoremm

A midpoint event GIA as just constructed exists for all events A andA0f the event space
is sufficiently rich (such as a continuum), as for instance in Gilboa’s (1987) preference

foundation.

4. Direct Measurement of the Weighting Function for Risk

This section describes an experiment measuring the weighting function for risk.

Participants N=78 undergraduate students participated from a wide range of disciplines
recruited at the University of Amsterdam. They were self-selected from a mailing list of

about 400 people. 14 participants were excluded from the analysis because they gave erratic
or heuristic answers such as always choosing the left prospect or always choosing the right
prospect. The practice choices of this experiment also served to detect such erratic and
heuristic answers. These participants apparently did not understand the choices or did not
seriously think about them. The following analysis is based on the remaining 64 participants
(26 female; median age 21). Including the excluded participants would not alter the results

presented hereafter.

Procedure Participants were seated in front of personal computers in 7 different sessions
with approximately 11 participants per session. Participants first received experimental

instructions (see Appendix B), after which the experimental questions followed.

Stimuli; general. Participants were asked two practice choice questions to familiarize them
with the experimental procedures. In each question they chose between a prospect L (left)

and a prospect R (right). Both prospects yielded prizes depending on the outcome of a roll
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with two 10-sided dice, each determining one digit of a random number below 100. Prospects
were framed as in Figure 4.1. Participants indicated their choice by clicking on the
appropriate button. They were encouraged to answer at their own pace. The position of each

prospect was counterbalanced between participants.

FIGURE 4.1. The framing of the prospect pairs
PROSPECT L PROSPECT R
roll probability prize roll probability prize
ltop p % i_Xeuro ltop % X euro
p+1 to 100 (100p)% Y euro p+1 to 100 (100p)% y euro

Measuring utility We set =60 and obtained values and % to generate indifferences

x10.2530 ~ 6(3.2540 andx20.2530 ~ .. 40. 4.1

0.25

(The values that were elicited are printed in bold.) Then under prospect thesotiyex
utility midpoint of % and % (Eq. 3.2). Because all further measurements in the experiment
depended on the valuesand %, these values were elicited twice and the average of the two
values obtained was used as input in the rest of the experiment, so as to reduce noise.
Throughout this paper, indifferences are obtained using a bisection choice method. Such
methods, while time-consuming, give more consistent results than direct matching (Bardsley
& Moffat 2009; Bostic, Herrnstein, & Luce 1990; Noussair, Robbin, & Ruffieux 2004).

The particular bisection method that we used is similar to the method used by Abdellaoui

(2000), and is explained in the rest of this paragraph. To ohtairky , 30 ~ %, 40, we

iteratively narrowed down what we call indifference intervals containing the indifference

value of x as follows. Based on extensive pilots, we assumed thlai{d not exceedpt

96 and took [¥, Xo+96) as the first indifference interval, denotéy"). To construct the
j+1" indifference interval from th&'jindifference interval{,u), we observed the choice

between { +)/2, .30 and x, ,40. A left choice meant that the midpoifit(u)/2 exceeded

O+l . . .
X1, SO that xwas contained |n€[,T) , which was then defined as the [4hdifference

. SO . . . ES e
interval [(""*,u™). After a right choice we similarly took-[z—,U) as the j+1 indifference

interval ["**,u™). We did five iteration steps, ending up with,{¥) (of length 96x 2°=3),
and took its midpoint as the elicited indifference valueWe similarly elicited x (substitute

X, for x, and % for x, above).
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Measuring probability weighting for riskUsing the midweight method we elicited five
probabilities W'(1/8), w(2/8), w(4/8), w'(6/8) and W'(7/8). We framed the prospects as
in Figure 4.1. All left prospects used in the experiment are special cases of Prospect L in

Figure 3.1 with at least one probability 0, so that at most two branches remain.

FIGURE 4.2. Indifferences to elicit W(j/8)

w(2/8) a+g
X1

X2
w(4/8) a+g - (é
“o & X2 1 wi2ig) Tag
1w " Tag "
atg , w(4/8) w (1/8) = a+g
2} -1
X; ~ (é s =
1 Yo. w (2/8)=a+g
l-a-g
wi@g=atg | wias) a+g

X
1-wiaig) I-ag

Xo .
- ('g « w(6/8) % atg

1 X1 T
1-w (6/8) a-g

w (6/8) = a+g

w X(7/8) = a+g

The midweight method concerns indifference between prospect Ixs dax;, ¢:xo) and

prospect R Xz, Xo which, as shown in 83, implies that probabilityayis the weight

midpoint between probability a and probabilitya. For example, to obtain %1/2), the

weight midpoint between 0 and 1, we take, as in the left panel of FigureQ2ra d=1, so

that prospect L is the degenerate prospect yieldingtk certainty. Figure 4.2 lists the
indifferences elicited to obtain the probabilities(@/8), w(2/8), w'(4/8), w*(6/8), and

w (7/8). In general, to find the g’s to generate the required indifferences, we used a bisection

method as in the outcome part of the experiment, explained in Appendix A.

Motivating participants We used a variation of the random incentive system, the almost
exclusively used real-incentive system for individual choice experiments today (Holt & Laury
2002; Starmer & Sugden 1991), as follows. For each session there were as many envelopes
as participants, with one envelop containing a blue card and all other envelopes containing a
white card. Each participant was asked to choose an envelope, after which the participant
who had selected the envelop containing the blue card could play for real. For this
participant, one choice question was again selected randomly and the chosen prospect in that
choice question was played out for real, with the participant paid according to the prospect

chosen and the outcome that resulted from playing out this prospect. All other participants in
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a particular session, who had chosen a white card, received a fixed payf&teniTbie
possible monetary outcomes of the prospects used during the experiment rang3Dftom
approximately€250. All payments were done privately, immediately at the end of the
experiment. The average payment under real playwas7, so that the total reward per

participant was approximate§il1.60, while it took participants about 20 minutes to complete
the experiment. This version of the random incentive system where only some participants
are paid for real was compared to the more popular rewarding scheme where all participants
are paid for real, with no difference found for static choice, by Harrison et al. (2007, foothote

16) and Armantier (2006). These papers considered static choice, as does our paper.

Further Stimuli Our questions were chained. It is well-known that chaining can give
incentives for not truthfully answering questions (Harrison 1986). To check whether
participants had been aware of this possibility, we askedtnategy-check questiondVas

there any special reason for you to specially choose left more often, or specially choose right
more often?” and “Can you state briefly which method you used to determine your choice?”
These questions were asked in a questionnaire at the end of the experiment, with further

guestions about age, study, and gender.

Results; utility The first measurement of outcoméx) did not differ significantly from its
second measurement (Wilcoxon signed-rank test$,23, p=0.2 and z=z-1.48, p=0.14).
We, therefore, take averages of the two measurements in the following analyses. We had also
used those averages for the stimuli in the experiment.
The median values of xand x are 92.25 and 123, respectively, which, together with x
60, suggests linear utility. The deviation from linearity is not significant (Wilcoxon signed-
rank test, z0.887, p=0.3751), in agreement with the common hypothesis that utility is
approximately linear for moderate amounts of money (Rabin 2000). At the individual level,
22 (38) out of 64 participants exhibited a concave (convex) utility function. This result is

robust for gender and field of study.

Results; probability weightingThere was no order effect for decision weights and we, hence,
pooled the data. Figure 4.3 displays the median weighting function. Means were similar to
medians, and standard deviations were approximately 0.2. Overall we find a convex

(pessimistic) pattern.
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FIGURE 4.3. Median probability
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Table 4.1 confirms that participants did not process probabilities linearly, but mostly
underweighted them. The probabilities'{m) all differ significantly from their
corresponding weights except for W'(7/8).

TABLE 4.1. Counts of W(p) —p >0 and W(p) —p <0
(p)-p >0 <0
p=1/8 49 15
p=2/8 48 16
p=4/8 a4 20
p=6/8 aq 18
p=7/8 41 23

**denotes significance at the 1% level using a two-tailed
Wilcoxon signed-rank test.

We used a classification system of individual weighting functions of participants of
Bleichrodt & Pinto (2000), where details can be found. In short, we consislepsd
differencesi.e. changes in the average slope of the probability weighting function between
two adjacent probability intervals. If, for the five adjacent probability interval pairs available

in our data, at least three confirmed a particular shape (convex, concave, or linear) then the
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392 weighting function was classified as having this shape. Otherwise the weighting function was
393 “unclassified.” We found that 25% of the weighting functions were classified as concave,

394 62.5% as convex, 0% as linear, and 12.5% remained unclassified. Although this classification
395 does not consider the inverse-S shape, it does confirm the prevalence of convex weighting.
396 All the above analyses were nonparametric. For every participant we also estimated Prelec’s
397  (1998) two-parameter weighting function by minimizing the sum of squared residuals. This

398 weighting function is given by
399 w(p) = ePnPf 4.2)

400 wherea captures likelihood insensitivity (i.e. the degree to which behavior is sensitive

401 towards changes in likelihood), afdcaptures the degree of optimism or pessimism. The

402 median values af andp were 1.1454 and 1.5781, while the valuea aihd based on

403 median data, as in representative agent analysespowefle054, an@ = 1.763. The former

404  weighting function is depicted in Figure 6.4, and, obviously, accommodates the prevailing
405 convexity. Further results, including individual, results are in the web appendix.

406

407 Results; strategy check questiolmsthe strategy-check questions, no participant revealed

408 awareness of the chained nature of the questions, or an attempt to strategically exploit this
409 chaining. 25 participants indicated a combination of (expected or maximal) value and safety,
410 5 went merely by expected value, and 4 went merely by highest value. Various other reasons
411  were given.

412

413 5. Direct Measurement of the Weighting Function for Uncertainty

414 This section describes an experiment measuring the weighting function for uncertainty.
415

416 Participants N=44 undergraduate economics students from a wide range of disciplines were
417  recruited from the student population at Tilburg University using an online recruitment

418 system. The experiment was held on September 11, 2008. Participants were seated in front
419 of personal computers in 4 different sessions with about 11 participants per session. 3

420 participants were excluded form the dataset because they gave erratic answers, such as always
421  preferring left or right. The following analysis is based on the remaining 41 participants (21
422 female; median age 20). No conclusion would be altered if the 3 participants had been

423 included.

424
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Procedure. Two practice choices served to familiarize the participants with the experimental
procedure. In each question, the participants chose between a prospect L (left) and R (right)
by clicking on the corresponding button. They were encouraged to answer the questions at

their own pace.

Stimuli. Prospects yielded prizes depending on the mean temperature (described in °C) in
Eindhoven 11 days after the experiment as measured by the Royal Dutch Meteorological
Institute (KNMI). Prospects were framed in a way similar to the risk experiment. As for risk

(Eq. 4.1), we setp=60 and then elicited indifferences:

X130 ~ 6Q40 andx;.30 ~x.40, (5.1)

but now we used event E of mean temperature exceeding 15.7°C rather than a probability of
0.25. Again, xand % were elicited twice, their average was taken, and the U midpoint

of Xo and x.

tg +— : : : to

We then measured the W value of events Jt{temperature exceeding t). The

temperatures measured were, in the order of elicitatjomg, b, t;, and {, satisfying:

W[t;, —) = /8. (5.2)

Obviously, tdecreases in i. jTdenotes [ft) for t;<t; (i>]); see Figure 5.1. We writg=o

and g=-c0. Indeed, Wl,—-)=0/8=0and Wit-) =8/8=1,asin Eq. 5.2.oF [t,-). A
bisection choice method was again used to obtain indifferences between prospects. We used
at most five iterations steps, stopping if the interval obtained was not broader than half a
degree, and took its midpoint as the elicited indifference temperatdneus, a precision of a

guarter degree results.
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FIGURE 5.2. The elicited indifferences
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Participants were informed that the average temperature in Eindhoven during the past 50

years had never been below 8.8°C or above 20.4°C. Therefore, the participants were told that

the average temperature could be assumed to be in [7.2°C, 22°C), and this interval was the

starting indifference interval containing t

Motivating participants This was done the same way as under risk, with a random incentive
system, white and blue cards, and a show-up f€&.60. For each group, the participant

who selected the blue card was invited to collect the possible prize at any day after the

uncertainty about the temperature had been resolved.

Results; utility.Again, the first measurement of outcoméxx) did not differ significantly

from the second measurement (Wilcoxon signed-rank tests033, p=0.3017 and z

-1.424, p=0.1545). The median values afand % were 77.25 and 91.50, respectively,
which, together with =60, suggests linearility on average (Wilcoxon signed-rank test; z
1.483, p=0.1381). Because the subjective likelihoods and subjective weightings may be
different here than under risk, the valugsamd % can be expected to be different too; they
were lower: However, the absolute size of the x's is immaterial because only their equally

spacedness in utility matters for our analysis. At the individual level, 22 (38) out of 64

! The historical probability of event E, based on data from the past 50 years, was 0.25, which is the

same probability as used under risk. The participants were not informed about such historical data.
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participants exhibited a concave (convex) utility function. This result is robust for gender and

field of study.

Results; W The median; tvalues are;£19.75, §=16.85, §=13.00, §=10.96, and-+=9.70,
with means very similar, and standard deviations approximately 2.5. Figure 5.3 depicts the

graph assigning the median W{t) to every temperature t.

FIGURE 5.3. The median W(t;)
1.
W 0.8:
0.61
0.41

0.21

5 9 13 17 21
0C_>

Direct Tests of Properties of Wf we obtain enough quantitative measurements of the

weighting function then we can verify its properties such as additivity, convexity, and
concavity. It is also possible to test such properties directly from qualitative preferences.
Table 5.1 presents preferences that we observed through direct choices in the experiment (not
allowing for indifferences but adding the top row for clarity), and the way in which they
corroborate various properties of W. For example, with §(Q)the value of /.0 in the

middle column is W(To)U(75), with W applied to the unlikely evenieI’ The value of €,75

in the right column is W(F)U(75), with W applied to the likely eventgl

TABLE 5.1. Observed qualitative preferences.

W W concerns unlikely events W concerns likely events
additive 751,40~ 75r,,0 Org775~0r7675

convex 751,403 757,,0 (34%) Qg,75= 01,75 (44%)
concave 75r,,0<75r,,0 (66%)* Org;75< 0,475 (56%)
inverse-S | 75r,,0<75r,,0 (66%)* Org;75% 01,575 (44%)

*: p<0.05 (A two-sided Wilcoxon signed rank test witht percentage is 50%.)

Proof for Tableb.1. We derive results for convexity of W. The other results are similar.
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515 751,,0< 757,00 = W(T21) SW(T10) = 1/8 = W(T0) ~W(T10). Then T; adds less weight

516 to the vacuous event (which has weight zero) than to eygrtowhich it adds weight 1/8

517 because it augments the weight W[ ¥ 1/8 to W(Txg) =2/8 there. This corroborates

518 convexity of W.

519 Or,675< 01,75 = W(Te/0Te0) <W(T70) shows that & adds less than 1/8 weight tey,T

520 which is what it adds to its complement. TAgain, the marginal W contribution of;Tto the

521 larger Ty is larger than to the smallegol corroborating convexity of Wi

522

523  For unlikely events, we find significantly more concavity than convexity, rejecting additivity
524  and agreeing with inverse-S. For likely events the deviations from additivity were not

525  significant.

526

527 Discussion The values W[t,») suffice to evaluate all prospects with outcomes increasing in
528 temperaturé. To evaluate other prospects, more measurements of W are needed. For

529 example, for prospects with outcomes decreasing in temperature, we need to measure values
530 W(~,t). Inthe absence of additivity, W(t) cannot be inferred from W[, ) as just

531 measured because these two values need not sumto 1. In general, to evaluate a prospect f, we
532 have to measure W at all events {t: fti} for all outcomes of the prospect. This added

533 complexity is, as always, the price to pay for working with a more general model.

534 In general, the family of nonadditive measures is large, and often special subfamilies are
535 considered so as to increase tractability. In the next section we will consider a special

536 subfamily, put forward by Abdellaoui et al. (2009). Based on ideas of Tversky & Fox (1995),
537 Abdellaoui et al. (2009) distinguished different sources of uncertaingoufce(of

538 uncertainty is a group of events that are generated by the same random mechanism. In our
539 study, the two tosses of the 10-sided die, used to generate risk, constitute one source of

540 uncertainty. The temperature in Eindhoven is another source of uncertainty. Abdellaoui et al.
541 (2009) assumed that within each source (generic notation So) there exist subjective

542  probabilities B, and for each source, the weighting function W is a transfaojfiPsy of

543 those subjective probabilities. The transformatigpdepends on the source and is called a

544  source function Probabilistic sophistication within one source characterizes a uniform degree
545  of ambiguity (Wakker 2008) for that source, and not absence of ambiguity as has sometimes
546  been claimed (Epstein & Zhang 2001). In the next section we analyze the uncertain source

547  concerning temperature in Eindhoven using Abdellaoui et al.'s (2009) method.

2 This can be inferred from Eq. 2.2. It holds for general prospects f, as can be inferred from the general

prospect (= rank-dependent) theory fornﬁnga/V(f'l(U'l[a, H)))da.
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548

549 6. Using Subjective Probabilities to Measure Ambiguity

550 This section shows how the midweight method can simplify the analysis of uncertainty
551 and ambiguity (the difference between uncertainty and risk) proposed by Abdellaoui et al.
552  (2009). We assume that probabilistic sophistication holds with a subjective probability

553 measure P (depending on the participant) for temperature in Eindhoven. For each temperature
554 event E, W(EFXw(P(E)) with w the Eindhoven-temperature source function.

555 The measurement of W can now be simplified considerably. Thus this section, in

556 combination with 85, provides a complete measurement of W. We, first, measure the

557  subjective probability measure P, something which has to be done also under Bayesian

558 expected utility. Next, W as measured in 85 is plotted as a function of P, yielding the source
559 function w. Then, the whole weighting function ¥Wv(P) has been determined, and all

560 prospects can be evaluated, including those whose outcomes do not increase in temperature.
561 With W and wentirely determined we can, obviously, also investigate all their properties.

562 For example, expected utility holds if and only if W equals P, i.e. if and only if the source

563 function w is linear.

564 To measure P note that, wittb® and A and B temperature events, we have the

565 following implication:
566 Xa0 ~ %0 = wPA)UX) =w(PB)UKX) = P(A)=P(B). (6.1)

567 Events Aand B as in Eq. 6.1 are cakeglally likely Observations of equal likelihood can
568 be used to measure P (Savage 1954). More specifically, we will use the method for eliciting
569 subjective probabilities of Abdellaoui et al. (2009).

570
571 Stimuli
D72
FIGURE 6.1. Indifferences to elicit LS St
573 subjective probabilities ,--- -~ ----——-_____ ' [5u 0 S !
. ' 175 Lo
574 L S0 Sy 750 - :
i 842705 312 0 i i S82 0 S82 0'
g B RO TN S EYRG I A1 COEL IR
0 Sug  Suggl [P(S)=P(Snzve |
1 G G
A £ 0
578 || ™ Sea ) prgTTTTTTUC ST
579 | PSWTPS0=% |l 20 L0
(Ree75 ~ QSu gl | Sy S - |
580 | \See Seoc! | 0 0
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We measured, in the order of elicitation, temperatures, &, s, and g, such that the

indifferences in Figure 6.1 hold, with the notatigr ®, $=-, and $ = [s,5). Then

P(s,—) = i/8 for all i, so that the notation is similar to that for tieeih preceding sections.

The measurement procedure of indifference was the same as in Section 4. Under expected

utility, s;=t; for all j.

Results; subjective probabilitiegzigure 6.3 displays the subjective probability distribution

resulting from the median'sthat we observed, together with the historical probability

distribution from the past 50 years regarding September 22. Our participants generally

considered high temperatures more likely than they were in the past, possibly because of

global warming.

FIGURE 6.3. Median P[t,) and
historical (decumulative) distributior
’?T 1.0r
T
0.8¢ median
subjective
\ probabilities
0.6t |
0.41
02l historical data.
: (1958-2007)
0.0L— :
10 15 20
__ty

FIGURE 6.4.
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Results; source functiorfigure 6.4 displays the median source function. To fit domains, we

used linear interpolation in thestcale. The source function displays an inverse-S shape with

an intersection with the diagonal at about 0.3, which is confirmed by the values reported in

Table 6.1. The differences between the W and P are always highly significant, both by t-tests
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and by Wilcoxon tests, except far(tvhich determines 3, which is no surprise because it is

near the expected intersection point where overestimation changes into underestimation.

TABLE 6.1. Summary statistics for T-events

w Mean P | Median B  Standard deviatior] P
P(T1o) 1/8* 0.133 0.081 0.144
P(T20) 2/8 0.310 0.229 0.218
P(T40) 4/8* 0.636 0.694 0.238
P(Teo) 6/8* 0.836 0.903 0.155
P(T70) 7/8* 0.922 0.952 0.084

Again, we estimated Prelec’s (1998) two-parameter weighting function (Eq. 4.2) for
every individual by minimizing the sum of squared residuals. The median valaemndf
were 0.684 and 1.208, respectively, while the valuesaidf3 based on the median data
were 0.622 and 1.166. The former weighting function is depicted in Figure 6.4, and,
obviously, accommodates the prevailing inverse-S pattern. Individual results are in the web

appendix.

Discussion of results and ambiguity attituddhe significant differences between ttseand
the ts provide yet another falsification of expected utility. Relative to measurements under
expected utility, Abdellaoui et al's (2009) method requires the measurement of one additional
curve per source. We emphasize thatomcerns the entire attitude towards uncertainty,
rather than a risk attitude.

The difference between,and w (the probability weighting function for risk as
measured in 84) reflects ambiguity. We can make such a comparison between subjects here.
Within-subject comparisons can obviously be obtained by carrying out both measurements of
84 and 85 within individuals. For brevity, we have not carried out such a task here, and leave
it to future studies. Under universal ambiguity aversiqnweuld be below w everywhere,
but this clearly is not the case. Insteadiswnore inverse-S shaped than w, in agreement
with claims and findings by Curley & Yates (1989), Tversky & Fox (1995), Abdellaoui,
Vossmann, & Weber (2005), Kahn & Sarin (1998, p. 270), Kahneman & Tversky (1979, p.
281), Kilka & Weber (2001), and Weber (1994). This phenomenon was predicted by Ellsberg
(2001) himself, and shows that modeling ambiguity attitudes through one single number to

reflect a universal degree of ambiguity aversion is crude.
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7. Other Measurements in the Literature

Measuring weighting functions for riskn parametric fittings, the weighting and utility
functions are usually estimated simultaneously. Gonzalez & Wu (1999) did not commit to a
parametric family but still usedtfing techniques that minimize squared distances, based on a
complex numerical system that requires much data per participant. In return, their results are
very reliable. Abdellaoui (2000) and Bleichrodt & Pinto (2000) provided two more tractable
methods for estimating probability weighting functions nonparametrically. As with all other
measurements used before, but unlike our midweighting method, these methods need a
detailed measurement of utility. From n observed indifferences we obitata points of

the weighting function (plus 1 data point of utility), whereas Abdellaoui (2000) and
Bleichrodt & Pinto (2000), for instance, would obtain only(Ji2 data points of probability
weighting (plus (r1)/2 data points of utility).

Blavatskyy (2006) described the general procedure of starting with measurements in one
dimension, then using this to obtain measurements in the other dimension, possibly using the
latter again to obtain more refined measurements in the first dimension, and so on. He
examined general efficiency principles regarding error propagation of such general

procedures.

Measurements of weighting functions for uncertaintye are only aware of measurements

(of more than one or two values) by Diecidue, Wakker, & Zeelenberg (2007) and Kilka &
Weber (2001) who assumed lineaitityt Mangelsdorff & Weber 1994) who assumed

expected utility for risk, Abdellaoui, Vossmann, & Weber (2005) who adapted the methods of
Abdellaoui (2000) and Bleichrodt & Pinto (2000) to uncertainty, and Abdellaoui et al. (2009),
Fox, Rogers, & Tversky (1996), Fox & Tversky (1998), Andersen et al. (2007), and Tversky
& Fox (1995) who carried out complex measurements that included measurements of utility
functions. Furthermore, some studies used direct judgments of subjective probabilities
(Einhorn & Hogarth 1985; Hogarth & Einhorn 1990; Wu & Gonzalez 1999) which are based
on introspection and not on revealed preference. This paper has focused on revealed-

preference based methods.

Measuring endogenous midpointd/e used the tradeoff measurement technique of Wakker
& Deneffe (1996) to obtain utility midpoints derived endogenously from preference, as
suggested by Kébberling & Wakker (2003, p. 408). Abdellaoui, Bleichrodt, & Paraschiv
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(2007) and Abdellaoui & Munier (1999, Egs. 1 & 2) similarly used this method. They next
obtained a probability q with w(g)0.5 through what amounts to a degenerate version of

Figure 3.1 with &1 and & 0. Finally, they used this probability to efficiently measure utility
midpoints in general. Their approach can, like our approach, be interpreted as a special case
of Blavatskyy's (2006) general procedure.

Vind (1991, p. 134; 2003, 81V.2, above Theorem 1V.2.1) proposed an alternative method
for obtaining endogenous utility midpoints under expected utility and, more generally, under
state-dependent expected utility (from which he derived what he called a mean groupoid
operation). He showed that y is the utility midpoint between x and z if the following

indifferences hold:
X ~ XX, Z ~ ZgZ2, @Nd %, Zo ~ Z X2 ~ Y. (8.1)

His method holds under prospect theory if we add the requirement that X, >z, z,> 7,
and z>Xx.

Ghirardato et al. (2003, Definition 4) proposed another method to derive utility midpoints
endogenously from preferences. They showed3lgthe utility midpoint betweea andy

under prospect theory if the following indifferences hold:

gy ~ X, X ~0gf, and y By (8.2)
with a>>vy.

With 8 a utility midpoint between andy, the tradeoff method hasas dependent
variable andx andf as independent variables, whereas the other two methodf have
dependent variable arndandy as independent variables. In the former case, the
experimenter has no control over the rarag)( which entails a drawback of the tradeoff

method. We still preferred this method because it requires fewer indifferences to be measured

and is easier to implement experimentally.

8. General Discussion

Empirical studies have found that individual weighting functions are mostly convex or
inverse-S shaped, with the latter shape prevailing. Thus, the majority of studies found that a
majority of participants exhibited the inverse-S shape. We are aware of some 50 such

references (Web-Appendix F). Yet, the finding is not universal, and several studies did not
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710 only find convex weighting functions for some of their participants, but even for a majority,
711  as we did for risk. Many other studies found other evidence against invefse-S.

712 Thus, although we believe that inverse-S is the prevailing phenomenon, it certainly is not
713 universal. It is not clear at this stage why different studies have found different results. Much
714  about weighting functions remains yet to be discovered. Our findings and literature search
715 suggest once more that probipweighting is a voléle phenomenon, with results

716 depending on framing and ways of measurement, and with no phenomena holding in great
717 generality. As one admittedly after-the-fact explanation, our design may have suppressed
718 inverse-S somewhat because we kept outcomes fixed and focused on uncertainty, enhancing
719 sensitivity towards uncertainty. Inverse-S entails insensitivity towards uncertainty. For risk
720 this effect may have been enough to suppress the inverse-S shape. Because inverse-S is more
721  pronounced for unknown probabilities, it may still have shown up for those. Our restriction
722  to prospects from the boundary of the probability triangle may also have contributed to the
723  extra pessimism.

724 In the experiment we used the midweight method to measure the weighting function over
725 its whole domain. The method can also be used to investigate the local curvature of the

726  weighting function. For example, if we want to know whether the weighting function is

727  convex on a particular domain [a,c), then we can use our method to find the w-midpoint g

728 between a and ¢, and then the w-midpoint between a and g, and so on, and in this manner we
729 obtain local tests of convexity on [a,c).

730 The values x x,, and w'(p) that were elicited from participants returned as inputs in

731 later questions (chaining), and bisection also involves chaining. It is well known that

732 participants can exploit chaining by not answering truthfully at particular questions so as to
733  improve stimuli in future questions (Harrison 1986). Such a distortion is unlikely to have

734  arisen in our experiment. It is difficult for participants to understand that their anwer to one
735 question will influence future stimuli. For example, we did not directly ask for the

736 indifference values used in future questions, but derived indifference values indirectly as

737 midpoints between values used in choices, so that participants had not seen the indifference

% See Goeree, Holt, & Palfrey (2002), Jullien & Salanié (2000), Kilhberger, Schulte-Mecklenbeck, &
Perner (1999, p. 217), Li et al. (2009), Mosteller & Nogee (1951 in their student population), and Qiu
& Steiger (2008).

4 See Barron & Erev (2003), Bearden, Wallsten, & Fox (2007), Birnbaum (2008, in particular pp. 484-
486, and the many references to hiscpding studies), Bleichrod2@01), Fatas, Neugebauer, &
Tamborero (2007), Goeree, Holt, & Palfrey (2003), Hartinger (1999), Henrich & Mcelreat (2002),
Humphrey & Verschoor (2004), Kunreuther & Pauly (2003), Loomes (1991), Loomes, Moffat, &
Sugden (2002), Luce (1996), and Stott (2006).



738
739
740
741
742
743
744
745
746
747
748
749
750
751

752

753
754
755
756
757
758
759

760

761

762
763
764
765
766

24

values before and in this way could not recognize them. In addition, to exploit chaining, not
only the presence of chaining must be understood, but also the way in which future questions
will depend on current answers, which will be very hard for subjects. Finally, our strategy-
check questions revealed no strategic exploitation of chaining. We carefully formulated our
instructions (end of Appendix B) in order to avoid deception.

We used the term “prospect” not only in our theoretical analysis, but also in the
instructions and in the experiment. We did so because the term is neutral and avoids potential
confounding effects resulting from connotations with terms such as lottery or gamble.

Because existing empirical evidence suggests that the most interesting behavioral
phenomena occur when uncertain events are very likely or very unlikely to occur, we
partitioned the eventsy Tes, Sz, and g, but not the events,], T, S4, and . Following
Abdellaoui et al. (2009), we chose not to partition the latter events so as to reduce the burden

on participants.

9. Conclusion

We have introduced a nhew method for measuring functions that weigh risk and
uncertainty. It is almost double as efficient as methods that have been used before because it
minimizes the required measurements of utility. Experiments have demonstrated the
feasibility of our method for both risk and uncertainty. A desirable feature of our method is
that it serves well to study ambiguity, because it can be used for risk and uncertainty in the

same way.

Appendix A. Bisection to Measure Indifference

The bisection method to find g to generate an indifferensg, @Xy, C:Xg) ~ Yoy, 20 @S

in Figure 3.1 proceeded as follows. We iteratively narrowed down so-called indifference
intervals containing ga, as follows. The first indifference interval i) was [a, d-a), i.e.

the interval of which the weighting-midpoint was to be fotirBy stochastic dominance, it
contains ¢-a indeed. Each participant was first asked to make two practice choices between
a particular prospect L and prospect Bg++axo=x2g_+axo, where probability &+a (g +a) was

® The first indifference interval is, thus, [0,1] for\4/8), [0,w *(4/8)) for w(2/8), [w(4/8),1] for
w(6/8), [0,w™(2/8)) for w*(1/8), and [W'(6/8),1] for w (7/8).
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767  set equal to the upper (lower) limit of the range of the first indifference interval of probability
768 g+a minus (plus) 1/100. Then the iterative process started.

769 To construct the4 1™ indifference interval [B*,u*?) from the |" indifference interval

770  [b,U), we elicited whether the midpoint of i) was larger or smaller thar-g. To do so,

771  we observed the choice betweerxfad:X;, €:Xo) and % Xo. A right choice meant that

(b-+ul)/2
o o t:;j+uj .
772  the midpoint was larger thant@, so that ¢ a was contained in] > ), which was then
773  defined as the#j 1" indifference interval [B',U*?). A left choice meant that the midpoint was
o bHd . .
774  smaller than g a, so that ¢ a was contained |n-[2— ,u), which was then defined as the |

775 1Mindifference interval [*,u*). We did five iteration steps like this, ending up withy,

776  and took its midpoint as the elicited indifference probabilitgi

777 As an illustration, Figure A.1 replicates the bisection procedure followed to obtain the
778 probability correponding to the weight of 0.5. The particular pattern of answers depicted

779 there, preferring the right prospect twice and the left prospect three times, was exhibited by 6
780 of our participants. After the fifth iteration step, the midpoint of the last indifference interval
781 was taken as the final indifference probability. Thus, individual indifference between the

782  certain prospect ¢xand the prospecty,, Xo was inferred from the choices made by the 6

783 participants whose choices are replicated in Figure A.1.

® Because prospects vielded prizes depending on the result of a roll with two ten-sided dice, we only
allowed values j/100 for probabilities. When a particular midpoint probability was not a value j/100,
the computer took the closest value j/100 on the left of this value if the value was lower than half and
on the right of this value if the value was higher than half. The order of elicitation was varied between
participants to prevent potential order effects. For some participants the order of elicitation was
w(.5), w(2/8), w'(6/8), w*(1/8), w(7/8), whereas for other participants the order of elicitation

was wW(.5), w(6/8), w'(2/8), w(7/8), w'(1/8).
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FIGURE A.1. The bisection method for measuring(@.5)
Choice Indifference Prospect L Prospect R Prospect Inference
Question interval 0.50 chosen
DY x
1 [bul = [0,1] X1 (é X"’ w(0.5) > 0.50
050
, 0.75 ,
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025
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X
037 °
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X
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. 0.60 y,
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X
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0
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Appendix B. Experimental Instructions
[Instructions have been translated from Dutch into English]

Welcome to this experiment. If you have any question while reading these instructions,
please raise your hand. The experimenter will then come to your table to answer your
guestion. This experiment will take about half an hour. We ask you to make a number of
decisions during this experiment. Each time, you choose between two so-called “prospects.”
Both prospects yield prizes depending on the roll of the two 10-sided dice similar to the ones
that are on your table right now.

As you can see, one 10-sided die has the values 0, 1, 2, 3, 4, 5, 6, 7, 8, and 9 and the
other 10-sided die has the values 00, 10, 20, 30, 40, 50, 60, 70, 80, and 90. If we code the



817
818
819
820
821
822
823
824
825
826
827
828
829
830
831
832
833
834
835
836
837
838
839
840
841
842
843
844
845
846
847
848
849
850
851

27

sum of the roll “a 0 and a 00” as 100, then the sum of a roll with both 10-sided dice yields a
random number from 1 up to 100.
The prospects from which you have to choose are called Prospect L (left) and Prospect R

(right), and are presented in the following way:

PROSPECT L PROSPECT R
roll probability prize roll probability prize
1to 40 40% 106uro 1to 20 20% 156uro
41 to 100 60% 56uro 21 to 100 80% 28uro

In the case depicted here, Prospect L yields a prize of 100 Euro if the sum of the roll with
both 10-sided dice is 1 up to 40 and if the sum of a roll is 41 up to 100, Prospect L yields a
prize of 50 Euro, as you can see. Similarly, Prospect R yields a prize of 150 Euro if the sum
of a roll with both 10-sided dice is 1 up to 20 and otherwise Prospect R vyields a prize of 20
Euro.

Both the prizes as well as the probabilities of yielding certain prizes can vary across
decisions. We ask you to choose between Prospect L and Prospect R each time, by clicking
the corresponding button with the mouse.

For your participation in this experiment, you receive 5 Euro at any rate. In addition, one
participant will be selected at random at the end of this experiment. Each participant will then
randomly pick a sealed envelope containing either a white or a blue card. Participants
selecting an envelope containing a white card receive 5 Euro for their participation. For the
participant whose envelope contains a blue card, one of their decisions will be selected at
random by rolling both 10-sided dice. Thereafter, the prize of the chosen prospect in the
decision selected will be determined by rolling the two 10-sided dice again. The resulting
prize, always larger than 5 Euro, will be paid out to the participant with the blue card.

There are no right or wrong answers in this experiment. The experiment exclusively
concerns your own preferences. Those are what we are interested in. At every decision it is
best for you to choose the prospect that you want most. If you select the envelope containing
the blue card at the end of the experiment, that decision can be selected at the end of the
experiment. Then, the chosen prospect will be played out. Of course you want that prospect
to be your preferred prospect. If you have no further questions then you can now start with

the experiment by clicking on the “Continue” button below.
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