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ABSTRACT

This dissertation which consists of three essaysstigates the influence of
subjective probabilities on decision making proesasnder conditions of risk. In
particular, it examines whether subjects adjust nskvinformation on their prior
subjective estimates, and, to what extent thisshajent affects their choices.

In the first essay, by using an artefactual fieddexziment, | examine the potential
correlation between incentive compatibility andidi#y of subjective probabilities
elicited via the Exchangeability Method, an inndvaielicitation mechanism which
consists of several chained questions. Here, waislinvestigated using de Finetti’s
notion of coherence under which subjective proli#dsl are coherent if and only if they
obey all axioms and theorems of probability the@yperimental results suggest that
subjects provided with monetary incentives and oamded questions more likely
express valid subjective probabilities than othersause they are not aware of the
chaining which undermines the incentive compatipiif the Exchangeability Method.

In the second essay, by using the same experingattl | show that valid
subjective probabilities do not significantly digerfrom invalid ones, indicative of
little effect of internal validity on the actual gnatude of subjective probabilities.

In the third essay, by using a field Choice Expenin | investigate to what extent
subjects adjust risk information given in the staquo alternative on their subjective
probability estimates. An innovative two-stage &gjgh that incorporates subjective
probabilities into Choice Experiments’ design iseleped to investigate this
phenomenon, known as the scenario adjustmentelfirt stage, subjective
probabilities that given outcomes will occur areigdd using the Exchangeability
Method. In the second stage, two treatment grotgdesigned: in the first group, each
subject is presented with a status quo alternathieh incorporates her/his subjective

probabilities, and, hence, no adjustment is requirethe second group, each subject
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faces a status quo alternative where the preseistets not consistent with her/his
probability estimates, and, hence, a mental adgustiio the scenario might take place.
By comparing willingness to pay across the treatrgeoups, my results suggest that,
when subjects are provided with SQ alternativeshich the risk is lower than the
perceived one, the mental adjustment takes platewihen subjects are provided with
SQ alternatives in which the risk is higher thagitlown estimates, these subjects

appear to make irrational choices.

Keywords: subjective probability; discrete choice modelinggleangeability method;

choice experiment; apple; pesticide.
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CHAPTER | . INTRODUCTION

As many everyday choices involve future events d@natsurrounded by
uncertainty, subjective probabilities strongly ughce decision making processes
(Manski, 2004). For example, households’ probabdgtimates of future income have
been shown to affect consumption and saving dewssiwhile students’ probability
estimates of returns to education to impact schgathoices (see Manski, 2004, for a
review). Outside of the financial domain, subjeetprobabilities of future health
outcomes have been demonstrated to affect the duppgolicies reducing mortality
risk (Cameron et al., 2010), or consumption of faod bottled water (e.g., Viscusi and
Evans, 1993; Williams and Hammit, 2001; Jakus .e28l09; Shaw et al., 2012).

My dissertation which is presented in the formhoke essays investigates the
influence that subjective probabilities of haviraptaminated apples have on subjects’
preferences for R&D programs that are geared téralote future spread of new apple
diseases in the Province of Trento in Italy. Mqguedfically, here, | explore strengths
and limitations of a novel technique to elicit sadijve probabilities, the
Exchangeability Method (EM), and, more importardelelop an innovative approach
which incorporates subjective probabilities inte ttesign of choice experiments (CE).

In the first essay, by using an artefactual fieddeziment, | investigate subjective
probabilities of having contaminated apples el&tie the EM (Baillon, 2008,
Abdellaoui et al., 2011). Specifically, | explorén@ther incentive compatibility affects
the validity of subjective probabilities eliciteding this innovative technique which
consists of several chained questions. As chaiheithtéon mechanism are not
necessarily incentive compatible, four experimed&signs which aim to enhance the
EM'’s incentive compatibility are created. Afterwaydhe validity of subjective

probabilities elicited using each experimental giess investigated using de Finetti's
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notion of coherence, under which probability estesaare valid if and only if they obey
all axioms of probability theory (de Finetti, 1937)

In the second essays, by drawing on the experimientstigation presented
above, the potential discrepancy between validiavalid subjective probabilities is
examined to fully understand whether failure tcoggize validity implies an over- or
underestimation of consumers’ probability estimakesthermore, a simple behavioral
model is estimated to identify attitudinal and seeconomic factors that affect
consumers’ subjective probabilities that apple$ @ahtain pesticide residues.

In the third essay, by using a CE field surveynveistigate the influence that
subjective probabilities of having contaminatedlapfhave on preferences for
alternative R&D programs that plan to control ngwpla diseases in the Province of
Trento. Although subjects’ are commonly pretenaeflily accept the risk information
provided by researchers in the status quo (SQaltiee, here, | hypothesize that
subjects adjust this information on their subjex{vobability estimates. This
phenomenon, called scenario adjustment, might gemeonfounding factors that
researchers cannot capture in their choice modett, therefore, compromise the
accuracy of willingness-to-pay (WTP) estimates (€eon et al., 2010).

Here, the extent of this phenomenon and its impaathoice-behavior are
investigated by using an innovative two-stage apgnavhich compares WTP estimates
elicited from subjects who might adjust the riskormation given in the SQ on their
subjective probabilities with WTP estimates of s who might not. In the first
stage, subjective probabilities that given numlo¢ispples will contain pesticide
residues are elicited by using the EM. In the sd&iage, WTP estimates for alternative
R&D programs are elicited from subjects who belemdifferent treatment groups. In
one treatment, each subject is presented with aiSKlevel which differs from her/his

subjective estimates. In the other treatment, sablect faces an individual-specific SQ
11



in which the risk level is equal to her/his probidpiestimate. Subjective probabilities
are incorporated into my CE by using a best-wositgexperimental design. Pivot CE
were developed in transport economics to gener@tal®rnatives based on each
subject’s most recent driving experience (e.g.,ddenand Greene, 2003, Hensher et
al., 2009), however, this investigation is thetfakempt to use this technique for

designing subject-specific SQ alternatives tailavadubjective probability estimates.
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CHAPTER II. ELICITING AND ESTIMATING VALID SUBJECTI VE
PROBABILITIES: AN EXPERIMENTAL INVESTIGATION OF THE

EXCHANGEABILITY METHOD

Introduction

During the last two decades, many social scientiat® become more interested
in investigating and eliciting subjective probalés of everyday events. The main
reason to pursue this line of inquiry is becausayrhoices in the real world involve
future outcomes and take place under uncertairgpckl, people often behave and make
decisions according to their beliefs and expeatatidanski (2004) demonstrates the
importance of subjective probabilities in severaizhes of applied economics, ranging
from the influence of households’ probabilisticonte expectations on their
consumption and saving decisions, to the impadtatients’ probabilistic expectations
of the returns (again, in income terms) to educabio schooling choices.

Expectations on risky and uncertain outcomes, wiecbutside of the financial
domain, are potentially complex, but also importandeal with. These have been
neglected in economics until quite recently, peshdégcause they pertain to issues
which are more difficult to address than financisk and uncertainty, such as stock
market activity. Early work on subjective probatyilpertained to another issue that is
relatively simple to understand and for which outes are readily observable with
short delays: the weather, specifically, tempegsaturd precipitation forecasts (e.qg.,
Brier, 1950; Baillon, 2008).

A domain where subjective probabilities have bemognized to be crucial in
understanding and predict people’s choice behasifmod safety, but little in this area
has been done to explore subjective probabilitytation. Despite many studies have

shown how consumers’ probabilistic expectation®otl safety might affect purchases
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(e.g., Buzby et al., 1998; Williams and Hammit, 2))@hey often use very simple and
rough methods for eliciting subjective probabibtigvhich often consist in directly
asking subjects a guess of the probability thaemioutcomes will occur in the future.
The key problem with issues such as food safettyathe nature of the uncertainty is
less accessible to laypeople, and the primary outctohe health effect, may be
unobservable for quite some time to cdnttowever, a recent study suggests that
uncertainty in food safety decisions may be quitpartant (Kivi and Shogren, 2010).

In this essay, | investigate and elicit consumpesteptions of the probability that
given levels of pesticide residues will be preserapples produced in the future in the
Province of Trento (ltaly). Pesticide residues plosalth risks to people who eat apples,
and, thus, people’s perceptions of their presenoeaffect their preferences for
agricultural policies that local authorities arampting to incentivize the production of
healthy apples. The investigation of this topic Inilge very important to this region as
apple production is a key sector of its economp (P, 2010). Generally, the presence
of pesticides in food is quite important, as wenalist eat; several studies have shown
that human exposures to chemicals are associatedigks to human health, they may
even produce very severe illnesses as cancer (Ajmeaal., 2004).

There are many different ways to elicit subjecpvebabilities and several are
briefly discussed below. | use an innovative tegbaifor eliciting probabilities, known
as the Exchangeability Method (EM), recently usgdhillon (2008). He elicited
subjective probabilities for future daily temper&tin Paris, the euro/dollar exchange
rate, and the daily variation of the French stodex CAC 40. His experimental
subjects were asked to estimate these for a giagmldout four weeks after the

experiment was conducted. The same technique wiaefudeveloped by Abdellaoui et

! Short-term food sickness is perhaps observatie afshort delay, but ethics in experiments preciud
subjecting subjects to this.
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al. (2011) to elicit subjective probabilities amyéstigate ambiguity attitudes related to
similar topic$.

The EM consists of a set of binary questions wikelgects are asked to bet a
certain amount of money on a given outcome ratieam bn an alternative outcome. In
each question, the outcomes which are presentibe ®ubject result from a bisection
procedure of the whole state space of the randaabla under study. When subjects
become indifferent between the two outcomes, theyasumed to perceive both as
equally likely and subjective probabilities candstimated. The sequential splitting
process behind the EM makes this elicitation pracedhained, in the sense that the
outcomes presented in each question depends autit@me that has been chosen in
the previous one.

The incentive compatibility of the EM might be qtiesed because previous
experimental studies have shown that chained &liocit mechanisms are not
necessarily incentive compatible. In fact, the gimn of monetary incentives to
subjects, based on their choice behavior duringtiperiment, might induce them to
not state their real beliefs, but, instead, totsgri@ally behave to be better rewarded
upon completion of the tasks for the experimerg.(élarrison, 1986).

In this essay, | investigate whether the lack oémtive compatibility of the EM
due to both the presence of chained questions @aipdavision of real monetary
incentives, affects the validity of subjective pabbities elicited by such a technique. |
determine and measure the validity of subjectiababilities elicited via the EM

implementing a method based on de Finetti’'s natiotoherencg1937). By using this

% They elicited subjective probabilities relatedhe daily variation of the French stock index CAT; 4
temperature in Paris and also in a randomly drasmote country for a given day about 3 months after
the experiment.
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approach | essentially aim to identify the best Waryeliciting subjective probabilities
via the EM, in terms of validity

The remainder of the essay is laid out as folldviisst highlight the main
strengths and limitations of the EM by comparingibther techniques for eliciting
beliefs. Next, | describe my testable hypothesekth@ methodology used to measure
validity of subjective probabilities. Finally, | f&f some conclusions based on the

experimental results | have obtained.

Methods for eliciting subjective probabilities

The simplest way to elicit subjective probabilitensists of asking people to
directly state the chance that a specific magnitfdae outcome will happen in the
future (Spetzler and Stael Von Holstein, 1975).iAglsimple, direct questions is
common in a host of previous health-risk studsesh as those involving smoking
cigarettes (e.g., Viscusi, 1990; Gerking and Khadgd2011), drinking contaminated
water (e.g., Jakus et al. 2009; Shaw et al., 2@k)ating unhealthy food (e.g., Buzby
et al., 1998; Williams and Hammit, 2001).

However, unless subjects are asked to state a eli@neach of all possible
specific magnitudes of outcomes, the informatiothgeed from such an easy question
is very limited. Using a direct approach like tHigyight learn about only one point, or
about a very narrow range, in the individual's sghye probability distribution.

The reliability of subjective probabilities elicttevia this family of techniques,
calleddirect methodshave also been often questioned, particularlgsychologists, on

the grounds that laypeople may be neither familiéin the notion of probability per se,

% Since this experiment is conducted in the labhaitontrolled environment and real monetary
incentives, we only refer to the internal validitfelicited risk estimates. Hence, | cannot anatjee
external validity of my results, being aware thatied estimates in the lab might be differentifrthose
elicited in the field, where it is impossible tontml for many confounding factors (for instance,
background risk) (Harrison et al., 2007).
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nor willing to put efforts into thinking in probdisitic terms (Manski, 2004) Some

have gone as far to suggest that individuals dibet understanding risks with verbal,
rather than numerical percentage or probabilityescésee discussion in Weinstein and
Diefenbach, 1997). Several economic studies prosiggorting evidence that people
have problems with open-ended questions about piidigaestimates (e.g., Jakus et al.,
2009; Riddel and Shaw, 2006)

Other approaches, call@tirect methodsmay overcome some of the limitations
that direct methods have. Here, probability measare indirectly estimated at the
points for which subjects show their indifferen@viieen choices involving lotteries or
gambles. Indirect techniques have often been wmealititing probabilities related to
financial outcomes (e.g., Andersen et al., 201@e@fan et al., 2009) because actual
monetary payments for played-out bets make théatlmn mechanism incentive
compatible and appear to be relatively easy fojestb to understand. Quite recently, a
few scholars have used indirect methods to estiswdigctive probabilities related to
health and environmental outcomes (e.g., Fioré €@09; Cerroni and Shaw, 2012).
As noted in the introduction, the limited use aéghindirect methodsfor eliciting
probabilities related to health and environmentdatomes, is due to the fact that very
long term health and environmental outcomes cabaglayed out at the end of
experiments in the lab setting, thus again makmaegmtive compatibility a potential
issue. Fiore et al. (2009) and Cerroni and ShadwZpboth rely on hypothetical
portrayals of adverse forest impacts, and, in dnmér study, the authors explore the
use of virtual forest fires in the experimentaltiset

The most popular of the indirect methods are cédléediernal reference everits

in which subjects are asked to choose betweenayatharacterized by an uncertain

4 Many studies investigated different approachesémmunicating probabilities to laypeople and, then
eliciting their best estimate (e.g., Gigerenzer Hoffrage, 1995; Hammit and Graham, 1999; Corso et
al., 2001).
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event {J), whose probability needs to be estimated, amdtarly characterized by an
external reference everK), whose probability is known and disclosed to saty. The
probability of the known event (K) is often visyafiresented through probability
wheels, scroll bars, or other visual aids suchsksladders, grids, or pie charts, all of
which have been tested as probability communicaterces (e.g., Morgan and
Henrion, 1990). Once subjects become indifferetwéen the two lotteries, the
uncertain outcomdl) is assumed to have the same probability of oecgs of the
familiar outcomeK), so thatP(U) = P(K) (Spetzler and Stael Von Holstein, 1975).

Although these techniques are widely used, they pnagiuce biased probability
estimates because they ask subjects to processotweoes of uncertainty at the same
time: the first relates to the uncertain outcotdg (he second relates to the external
reference event (K). Previous experimental stukdé® shown that individual choices
depend on the source of uncertainty that subjente been asked to consitiée.g.,
Kilka and Weber, 2001; Abdellaoui et al., 2011)J amence, elicitation mechanisms,
which combine diverse sources of uncertainty, megome too complex and generate
biased subjective probabilities (Baillon, 2008).

Source dependend®es not appear to be an issue within another ofasslirect
methods which usiternal eventsin these elicitation techniques, subjects de#i wi
magnitudes of the outcomes, but not with their plolties of occurrence. In fact,
subjects are only asked to bet a certain amoumioofey on one of the several disjoint
subspaces, in which the whole state space of thabla under study has been
previously divided. When subjects become indifferegarding betting on one disjoint
subspace rather than on the others, subjects suiemasd to perceive those subspaces as

equally likely (Spetzler and Stael Von Holstein7%

® Baillon (2008, p.77) defined a source of uncetairs “...a set of events that are generated by a
common mechanism of uncertainty”.
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The EM, which was first described by Raiffa (198§ more recently
implemented by Baillon (2008) and Abdellaoui et(2D11), belongs to this latter class
of probability elicitation techniques. In the sgexcase of the EM, each question gives
subjects the chance to bet on one of two disjaibspaces, as the whole state space of
the random variable under study is sequentiallydéit using a bisection process. The
subdividing procedure of the event space makes leiaalny question of the EM chained
to the previous one. In fact, the sub-events thijests face in each question depend on
the sub-event that has been chosen in the precedestion.

As noted in the introduction, chained techniquesefiting preferences or
beliefs are perhaps not incentive compatible. &giatbehaviors might have strong
impacts on elicited subjective probabilities (Heon, 1986) and chained questions may
propagate subjects’ strategic choices made duhieghoice-tasks (e.g., Spetzler and
Stael Von Holstein, 1975; Wakker and Deneffe, 1986¢vious investigations that rely
on chained games and real monetary incentives \aidated their results by using
subjects’ statements of unawareness about thenoesé chaining in the games (Van
de Kuilen et al., 2006; Abdellaoui et al., 2011).

Baillon (2008) dealt with this problem by randomigithe order of questions. The
questions are not sequentially presented and, theighaining is less transparent to
subjects because they are no longer aware of goreship between the disjoint
subspaces they face in one question and the subdpachave chosen in the previous
one. Developing this experimental design with manited questions, one hopes that
telling the truth becomes the simplest and mostiefft strategy that subjects can use
when they play the EM (Baillon, 2008).

The effect of real monetary incentives on the &imn of subjective probabilities
has been investigated in another recent applicatitime EM by Abdellaoui et al.

(2011). After having tested that subjects were waravof the chained structure of the
19



EM, they next compare subjective probabilities jled by two groups of subjects, one
provided with monetary incentives and the other mbey did not find any substantial
difference between subjective probabilities elatiteom the two groups, but do not
provide a logical explanation as to why subjects/gted with money incentives should
have greater or lower beliefs than others.

In contrast, | argue that monetary incentive mdgcafthe validity of subjective
probabilities elicited via the EM depending on wiegtsubjects are aware of the
chaining or not. In particular, | believe that mtarg incentives and the ordering of
questions may affect the incentive compatibilitytltd Exchangeability Method and,
therefore, the validity of subjective probabilitielécited by using this technique. Here, |
don’t want to confuse truth with validity, in faets reported below, incentive
compatibility and validity are separate and didtcuncepts. An elicitation mechanism
is incentive compatible if subjects have an incento state their real beliefs (Vossler
and Evans, 2009), while subjective probabilities\zalid if and only if they obey all
axioms and theorems of probability theory (de Rin&937).

In this essay, | hypothesize that subjective proib@s elicited via incentive
incompatible mechanisms, which induce subjectotdmly state their beliefs, are
likely to be invalid, in the sense that they do abg¢y to axioms and theory of
probability theory.

To test my predictions, | create a validation mdthased on the de Finetti's
notion of coherent probability measures (1937; B974474b) under which subjective
probabilities are coherent if and only if they oladlyaxioms and theorems of

probability theory. The choice of using the de Eireenotion of coherence to define

® They found that probability distribution functionsmedian temperature in Paris in a given daybfith
groups are quite well calibrated with historicadtdbution of temperature in that particular day.
contrast, they found that probability distributifumctions of median daily variation of the Frentbick
index CAC 40 in a given day for both groups diffiem historical distribution of CAC 40 daily variah
in that particular day.
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valid subjective probabilities relies on the fawttthe EM is based on the assumption
of exchangeability-based probabilistic sophistmatiChew and Sagi, 2006). That, in

turn, is based on the idea of equal likelihoodsexathangeable events (de Finetti, 1937)

Specific Objectives

Previous applications of the Exchangeability Methagle not directly
investigated the effect of chaining on subject’sich-behaviors (see Baillon, 2008;
Abdellaoui et al., 2011), but they have simplydrie avoid the use of the identifiable
chained questions in their experimental designsadted before, this is due to the fact
that previous experimental studies have shown hewptovision of chained questions
along with real monetary incentives make the @i@n mechanism incentive
incompatible (Harrison, 1986).

In line with the above discussion, | hypothesiz gubjective probabilities
elicited via an incentive incompatible mechanisnraritkely turn out to be invalid. In
particular, | hypothesize that subjective probdébsi elicited via the EM, using
sequential questions along with real monetary itices are invalid because, when the
chaining is clear to subjects, monetary incentivilsencourage them to strategically
behave. In contrast, when random questions aradadwn the EM along with
monetary incentives, subjective probabilities aakdvbecause when the chaining is less
transparent to subjects, monetary incentives intlue to state their real beliefs, or at
least, to invest more cognitive effort into theckdition proces’s

| also hypothesize that subjects provided with candjuestions will perform
better than those provided with sequential questiortierms of validity, even in the
absence of actual monetary rewards at the endeaxperiment. | expect those who are

not aware of the chaining will provide invalid sebjive probabilities, but less so than

" | thank an anonymous reviewer for suggestingpbissibility.
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those who are aware of the chaining structure. Myligtion is supported by the fact
that questions related to the elicitation of thedtiquartile ask subjects to choose
between two prospects that they have already auéth previous questions. The issue
is evident to subjects when questions are sequigraraered, while it is less
transparent when they are randomly ordered. Thisaffact the validity of
probabilities elicited using sequential questioasabjects may perceive questions to be
meaningless and may invest less cognitive effoplaying the game.

To test my hypotheses, | first need to understanetier elicited subjective
probabilities are valid or not. The empirical wagsted the validity of subjective

probability elicited via the EM is described below.

The Experimental Design
The empirical application

My specific application consists of investigatingcertain outcomes related to fire
blight, a bacterial disease that has threatenel@ appghards in the Province of Trento,
at least since 2003 (EMF, 2006). This phytopathpldgmages and kills apple plants
resulting in substantial losses in the productibapples. The best available science
predicts a future spread of the disease in appleands of the Province of Trento, since
suitable climatic conditions for the biology of thacteriumErwinia amylovoraare
likely to occur in the future (unpublished resud{sEdmund Mach Foundation).

Although Italian farmers currently control the flskght by using pesticides,

chemicals might be not efficient enough to prevkatfuture spread of this apple
disease. Nevertheless, the future production oeapp the Province of Trento (around
420.000 tons at the present time) might not deerédarmers start implementing new
adaptation strategies against fire blight. Howetrex,only strategy that is currently

available to farmers is the introduction of newiaeprinciples, such as the antibiotic
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streptomycin that is currently forbidden by thdi#a legislation, but that has been
already used in U.S., Germany, Belgium and, Nedneld for controlling the fire blight
(Németh, 2004).

In the context presented here, | focus on threerdesrandom variables: the
percentage (or number) of days in which the intestawill occur during the
blossoming period in 203@)¢, the number of apples containing at least onelwesin
a sample of 100 apples in 2020% and the number of apples containing more than 1
residue in a sample of 100 apples in 2038 (These variables have been selected
among many other possible measures of pest infastatr apple contamination, after

having interviewed approximately 20 focus groupjscis.

The Exchangeability Method and the related game

Let a random variable under study in the EM gan()(keg. The EG uses a
series of binary questions to reveal an indivickiahderlying cumulative distribution
function (CDF) over an eventthat is drawn from an event spaBe,= G;. The first
step of the EG establishes the lower and upperdsahthe event space, definedyas
andg;. Each subject is asked the bounds for outcomessdeudf which they are
essentially certain the outcome cannot happen at ale., the bounds that pertain to a
non-zero probability of an outcome.

The second step of the EG involves asking a sefigaestions that establish the
value ofg;,[1Ss that corresponds with the%@ercentile of the subjective CDF, in
other words, the median estimate. This series e$tipns asks the subject to choose

between binary prospects. In the first binary qoes&sis divided at a poing, into

two prospects, saB.={ go<x<ga} and Gy'={ ga<x<0:}, wheregs={ go + [(91-00)/2]}. If

® The blossoming period usually occurs in April irefitino.
° This is the number of apples at least one redigyend the level of 0 mg/kg.
1% This is the number of apples containing at leastresidues beyond the level of 0 mg/kg.
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G, was chosen by the individual, the implicationhiattthe individual believes the
probability of occurrence of the sub-ev&atis equal to that of the sub-eveést, so
thatP(G,)=P(Gy) and g.=gd1/>. A follow-up binary question is then asked of théne
individual, using a new valug and two new prospec@, andGy'. If G, was chosen in
the first question, theg.>g,. However, ifG,” was chosen in the first question, then
0a<Op- This process is repeated until the individuathes a valug, such that she is
indifferent betweers,andG,. When this point is reached, it follows tt@tg;/,, G=
G;, G/= G, andP(G,)=P(G;). This process describes the “chaining” or
interdependence of these binary outcome questions.

A similar process can be followed to determine pp@nts for the individual’s
subjective CDF; in theory as many as the researghgts to identify. However, there is
a limit to how many separate points can be eliditecause of potential exhaustion of
the subject. For example, to determine the valuggi1S; that corresponds with the
25" percentile, a gamble is proposed that is contihgera value ok that is lower than
012 Obtained in the previous step. Once again, a seguef valuesg,, 9o, ..., 9z IS
used, but in this next case (the quartile) theahitpper bound igy/.. In the first new
binary question, subjects choose between the follgwinary prospect$;,={ go<x<ga}
and Gy'={ ki<x<gi/2}. As above, this process is repeated until theviddal is
indifferent betwee,andG;, so thatg,=gis G=G;, G,/= G}, andP(G,)=P(G;) (see
Figure 2.1 and Appendix A). At the end of the El&& second binary question that

subjects have already answered is presented agtierh in order to test the

consistency of their choice behaviors.
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Figure 2.1 Schemef the Exchangeability Game’s bisection procedure

S =G
£112
G G:
g4 g1 £34
G G G G

Other games

The Repeated Exchangeability Game (REG) consigBdiing a new measure
of the median value of individual CDFs, sayy’, through a second round of
Exchangeability Game. This round differs from thistfone because the lower and
upper bounds of the event space are now not defipgelandg, but instead by the
subjective estimates of the quartites andgs, elicited via the Exchangeability Game
(see Example 2 in Appendix A).

The Certainty Equivalent Game (CEG) is based omtti®n of certainty
equivalents (CE), defined as the sure amount ofaptimat makes subjects indifferent
to gamble. For the CEG, the subjects are presewitadwo choice tasks, say CT1 and
CT2, both containing six binary questions. In equhstion of the first choice task

(CT1), the subject is asked to choose betweerteryoflottery 1), in which he or she
wins a monetary outcomeif the real outcomés} will happen in the future (or a null
monetary outcome otherwise), and a sure paymemarying from 0 to 100€. In the
same way, in the CT2, subjects are asked to cHuetse=en a lottery (Lottery 2), in
which they win a monetary outcormmef the real outcoméE-J'.‘ will happen in the future

(or a null monetary outcome otherwise), and a paggnentz varying from 0 to 100€.

Hence, each subject is presented with two choglesteharacterized by six binary
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matching question where he or she has to chooseertoptions A (bet € on the

occurrence ofGij in CT1 orGJ'.‘ in CT2) and B (take the amount of morey 0, 25, 49,

51, 75, and 100€) (see Example 3 in Appendix Ag Gértainty equivalent for the
lottery described in option A is determined by lowkat the first question of the choice

task in which the subject switches from choosintioopA to choose option B. Recall

that G} and ij are the couple of sub-spaces that have been wlpedged to be

equally likely by the subjects themselves, durimg ¢arlier Exchangeability Game.
Each subject in my study was presented with thisegdhree times for each variable of

interest in the study. In the first, the two loigésrinvolved in the game are denoted as

G; and G/, inthe second, they ai®; and G, and in the third, they ar€; and G, *.

The sample

The sample of laboratory subjects consists of 8iduals who were randomly
recruited outside the main supermarkets of Trentbasked to come in the
experimental lab of the University of Trento foc@npensation of 25€ (show-up fee).
Given the fact that | recruit non-students andnthdring them in the lab, | can define
my study as an artefactual field experiment (Harriand List, 2004). My sample
consists of people between 18 and 70 years agdivéhim the Province of Trento and
the sample is balanced regarding the gender. Tieeya strictly speaking, a simple
random sample of the population, because they wereited outside food markets, but
as most people visit such markets to obtain fdoely probably are quite representative
of people living in this Province. Moreover, thedam nature of the sample may be

biased by subjects’ motivation to participate ia #xperiment. For example, subjects

1 Both games have been already used to test exciaifiyein other experimental applications (e.g.,
Baillon, 2008; Abdellaoui et al., 2011).
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may participate because they were interested itothie or because they were in need

of the show-up fee.

Treatments

Selected participants were randomly assigned todolisamples or treatment
groups, where each treatment is characterizeddifjesient experimental design: “real
incentives-random questions” (22 subjetisyeal incentives-sequential questions” (23
subjects), “hypothetical incentives-random quesidt9 subjects), and “hypothetical
incentives-sequential questions” (16 subjects).tRer‘hypothetical incentives”
treatments, subjects are only given a show-up#iée in the “real incentives”
treatments, subjects are told that one randomécted individual from each group has
the chance to win additional 100€ based on hechgces during the experiment.
Specifically, one subject is to be randomly sel@eethe end of the experiment and one
of the questions she/he answers during the expetilmalso randomly selected to be
played out. The lucky subject is selected throdghdraw of a numbered chip from a
bingo cage (Cage 1). The total number of chipsjigkto the total number of
participants in each session, so that each sutigescan equal chance of being selected.
The question with the potential pay-out is alsestld through the draw of a numbered
chip from another bingo cage (Cage 2), that costagxmany numbered chips as the
number of questions that the subject answered glting experiment. The drawn
participant wins the additional 100€ if and onlyhé event she/he had chosen in the
drawn question contains the value of the randonalle under consideration that the

best science currently predicts. This predictiobased on the research conducted by

12 The original “real incentives-random questiongatment had 23 subjects, however | deleted
observations gathered from one particular subjéxt declared that she has made a mistake during the
tasks. Given that subjects did not have the chemcerrect their errors during the experiment and
chained experimental designs propagate mistakesuingcts were asked to declare if they
unintentionally made errors answering experimequgistions.
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the Edmund Mach Foundation (EMF). This proceduretfe determination of a “win”

in the lottery situation is similar to that usedHfigre et al. (2009) in their virtual
experiment on the risk of wild fires. Despite sopaticipants already being aware of
the existence of the EMF, all subjects are providéd general information about the
EMF’s research that provides science-based estiofigbabilities. Note that even
when all subjects receive the same informatiois, @ common finding that they may
not form the same subjective estimates (e.g. RiddeIShaw, 2006; Shaw et al., 2012).
In all treatments subjects were provided with meaenformation about the values that
the random variables under study had in the lasyéars (from 2000 to 2010) and,
then, they were asked to play the games.

In the “sequential questions” treatments subjetsaaked to answer questions
that allow us to elicit the percentiles of their EDin the following orderiz, G4, Gra
au/2, &4, 8g/4, T1/2, T1/4, @Ndrs. In the “random questions” treatments this chained
structure of the game is hidden through a mixedrder of questions determined once
and for all. In fact, | elicit the percentiles aflgects’ CDFs in the following ordeg; .,
a2, M2, Quar Qw/ar Y1/2, G4, g1, AN I3y,

It follows that each subject, regardless of thattreent group to which she/he is
randomly assigned, plays the Exchangeability ardbther games three times, one for

each random variable under study.

Hypotheses about the validity of subjective probaliities

To investigate the effect of sequential (or randprastions) and real (or
hypothetical) monetary incentives on the validifysobjective probabilities elicited via
the Exchangeability Game, | first need to undetahether gathered estimates are
valid or not. Given the theoretical backgroundra EG, | argue that subjective

probabilities elicited via this technique are vafithe only if the exchangeability
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assumption is satisfied. Otherwise they are invadtidact, under the exchangeability

assumption, subjective probabilities elicited Vvia EG satisfy all definitions, axioms

and theorems of probability theory. Considering thigjoint sub-event@} andGY,

the exchangeability assumption is satisfied whenwo sub-events are exchangeable,
in the sense that the probability related to trmuoence of one must be equal to the
probability of occurrence of the other (see Appgr)li. When the assumption holds |
fail to reject the following null hypothesis ¢Hand | consider elicited subjective

probabilities valid:

Ho: P(G!)=P(G*) Dk #i,k<n

J

Hi P(G! )% P(GK)k #i,k<n

I

| test this hypothesis and, thus, the validity ajsctive probabilities elicited via
the EM by investigating whether subjects’ choichdors are consistent across the
Exchangeability Game, the Repeated Exchangealilitye, and the Certainty
Equivalent Game. In particular, | test the follogitwo hypotheses:

Hypothesis 1l test whether the exchangeability assumptiomiisied or not by
comparing the estimates gf; obtained from the Exchangeability Game and the
estimates ofj;, obtained from Repeated Exchangeability Game. &tahangeability
assumption is satisfied, and, thus, the subjegtigbability of the evend,, is valid, if

and only if | fail to reject the following null hyghesis (H):

Ho: Q12 = 0112

Hi: Qu2# 012
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Hypothesis 2l test whether the exchangeability assumptiomiisied or not by

comparing the certainty equivalents that subjeasnalling to accept to give up the

possibility to play the lotteries presented in thatched pairs of choice tasl{la(x : G} )]

inCT1 and[L(x: G}‘)J in CT2 (Certainty Equivalent Game). The exchandiab

assumption is satisfied, and, thus, the subjegtigbability of the event presented in

both CT1 and CT2s valid, if and only if | fail to reject the falving null hypothesis

(Ho):

Ho: CE|L(x:G! )|= CE[L(x: G*), with ki, k<]

Hy: CE|L(x: G! )= CE|L(x: G¥)|

Testing hypotheses

Before testing the hypotheses above, | first clibekconsistency of subjects’
choice behaviors by examining their answers tad¢peated binary questions presented
at the end of the Exchangeability Game. In the B%.5f cases, subjects’ choices are
the same in the original and repeated questions.réRult is quite encouraging, given
that Baillon (2008) found a consistency rate 06106 applying the same procedure to
evaluate consistency, but investigating randometdes more familiar to subjects than
the ones | have examined here. Further, the McNé&sashows that subjects’ choices

are consistent even across treatments (Table 2.1).
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Table 2.1 McNemar's test of consistency

Treatment Null Hypothesis v
Real incentives- P(ABY = P(BA) 1.60
Sequential questions

Real incentives- P(AB) =P(BA) 0.31
Random questions

Hypothetical incentives- P(AB) = P(BA) 0.82
Sequential questions

Hypothetical incentives- P(AB) = P(BA) 1.32

Random questions

® P(AB) is the probability of choosing prospect At original question
and prospect B in the repeated question.
® P(BA) is the probability of choosing prospect Btie original question
and prospect A in the repeated question.
*1% significance level, **5% significance level, *¥0% significant
level

Next, testing my hypotheses at sample level, Irdatee whether subjects,
belonging to diverse experimental treatments, pl®wvialid subjective probabilities or
not. This allows us to test predictions presentsala, in particular, the fact that
subjects provided with real monetary incentives @mtlom questions state valid
subjective probabilities, while the others do fécall that subjects are assumed to
provide valid subjective probabilities if the exalgaability assumption holds and, thus,
if and only if | fail to reject the null hypothespegesented itdypotheses and2.

| testHypotheses And2 by using non-parametric tests such as the Wilcoxon
Matched-Pairs Signed-Ranks test (WMP) and the Bagt of Matched Pairs (SMP)
The SMP test is used because the assumptions hbibleiMiMP test were not always
satisfied in my sample. For example, the differesnoetween the matched values
provided by each subject were not always distridhggemmetrically around the median
point in my sub-samplesymmetry assumptipn

While testingHypothesis 1l only investigate the validity of individual CBF

medians @12, a1/2, andry), as | rely on estimates elicited via the Exchahgdy Game

and Repeated Exchangeability Game, tedtipgothesis 2l also examine the validity
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of individual CDFs’ first and third quartilegu(2, a2, r1/2, Gu/a, 814, r1/2, G374, 8a/2,@Nd
ra), as | rely on estimates elicited via the Exchabgéy Game and Certainty
Equivalent Game.

Further, | assess thvalidity rate (V) for each different experimental treatment,
which is the percentage of valid subjective proli@s out of the total number of
elicited estimates in each treatment. This raaalus to quantitatively assess the
validity of subjective probabilities for each treeent and test, once more, predictions
presented in Paragraph 3. To compute validity ratist need to verify whether each
observationdy,, ais, r1/2, Qu/a, /4, Y14, Qs 3e4, @NA r314) provided by each subjedt (
=1,...,80) is valid or not. For example, let’s smier one specific experimental subject,
who provides us with the estimategaf,, | assume that this estimate is valid if and only

if the certainty equivalents for Lottery 1 and Besented in the Certainty Equivalent
Game, are equal, thu@,ElL(x: G%)] = CE[L(X :G; )J This does not imply any statistical
test, but just a simple check of the equality bem@E|L(x: G} )| and CE|L(x: GZ)|.

In addition, by examining the dissimilarity betwe@ElL(x: Gg) and
CE[L(X: GZZ)J | can also investigate how much elicited subyecprobabilities are

invalid. For each elicited probability, the disslanity is measured as the absolute value

of the difference between the certainty equivalémtt ottery 1 and Lottery 2 that is
given bya(cE) = | CE|L(x: G} )| - CHL(x:GZ))|.

Based on these absolute values, | create an iityadichle consisting of five
categorical level of invalidity: very low invaligitwhen A(CE) D{x < 27} , low
invalidity when A(CE) D{Z?s X < 52} , medium invalidity Whem(CE) D{52s X < 77} :
high invalidity whenA(CE)0{77< x <103, and, finally, very high invalidity when

A(CE)D{XZlO]}. These boundaries have been chosen as the absalugs A(CE),
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are naturally grouped in five categories givenrdrgge of the sure amount of money
that subjects might accept instead of playing titieties presented in the Certainty
Equivalent Game.

Using this classification, | calculate the percegetaf invalid probability estimates
that falls within each category of invalidity arigence, | investigate how far off invalid
probabilities are from being valid.

Finally, | hypothesize that, not only the featuoéshe experimental setting may
determine the validity of subjects’ subjective pablities, but also their socio-
economic conditions. | econometrically test thipdiyesis by estimating a model in
which the discrete dependent variable capturesdhdity of each observation provided
by each subject, while independent variables caphe characteristics of each
experimental setting and other socio-economic bégawhich characterize subjects,

allowing for some observable heterogeneity.

Results
Non-parametric tests

By testingHypothesis Tor each experimental group of subjects, | idgrttile
effect of my experimental designs on subjects’ bdipgto provide valid estimates of
the median values. In the “real incentives-seqaégtiestions” treatment | have 24
matched pairs of observations, in the “real inag#tirandom questions” 40, in the
“hypothetical incentives-sequential questions” &2d in the “hypothetical incentives-

random questions” 26 (Table 2.2).

33



Table 2.2 Summary statistics of median values obtaed via EG (X1/2) and REG (X}

Treatment Variable  Obs Mean St.Dev. Min  Max

Real incentives- X1 24 4437 27.69 7 94
Sequential questions X7 24 44.96 27.87 7 94
Real incentives. X1z 40  44.05 26.17 2 96
Random questions Xy 40 44.17 25.98 3 96
Hypothetical incentives- X2 22 54.91 28.03 5 94
Sequential questions X2 22 55091 28.08 7 94
Hypothetical incentives- Xz 26 40.35 28.74 3 o4
Random questions Xy 26 40.65 28.27 3 96

The validity of individual CDFs’ mediangl{, &, andr,) is determined by
testingHypothesis Via both the Wilcoxon Matched-Pairs Signed-Rank$A®Y and
the Sign Test of Matched Pairs tests (SMP). Medstiimates are assumed to be valid if
and only if | fail to reject the null hypothesisazhcterizing this test. The WMP test’
results suggest that “real incentives-random gomestiand “hypothetical incentives-
random questions” treatments provide valid estisjatdile “real incentives-sequential
guestions” and “hypothetical incentives-sequeriastion” treatments do not. The
SMP test almost produces the same results, exaeftd fact that also “hypothetical

incentives-sequential question” treatment providisl estimates (Table 2.3).
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Table 2.3 Results at sample level obtained via EX{;;) and REG (Xy2)

Wilcoxon Binomial
matched-pairs sign test
signed ranks test

Treatment Null Hypothesis z P>z
Real incentives- Median(X;) =Median(>¢,,) -2.234** 0.062
Sequential questions

Real incentives- Median(X,) =Median(>¢,>) -0.665 0.480
Random questions

Hypothetical incentives- Median(Xy,) = Median(%,,) -1.880*** 0.125
Sequential questions

Hypothetical incentives- Median(X,) = Median(X,) -1.174 0.266

Random questions

*1% significance level; **5% significance level; *10% significant level

The discrepancy between WMP and SMP’s results abheuthypothetical
incentives-sequential question” treatment suggaststhe interpretation of these results
is problematic, and thus, | conclude that only F'reeentives-random questions” and
“hypothetical incentives-random questions” treattagrovide valid subjective
estimates.

TestingHypothesis Zor each experimental group of subjects allowious
investigate whether subjects, belonging to divesggerimental treatments, provide
valid estimates of the median, first quartile, #8mdd quartile values of individual CDFs
or not. In the “real incentives-sequential quesidneatment | have 143 matched pairs
of observations, in the “real incentives-randomsfloes” 167, in the “hypothetical
incentives-sequential questions” 136, and in thgthhetical incentives-random

questions” 115 (Table 2.4).
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Table 2.4 Summary statistics of the Certainty Equialents obtained via CEG

Treatment Variable Obs Mean St.Dev. Min Max

Real incentives- CEL]_ 143 51.21 46.38 0 125
Sequential questions CE, 143 7695 4469 0 125
Real incentives- CE, 167 59.80 42.31 0 125
Random questions CE, 167 6822 4172 0 125
Hypothetical incentives-  CEu1 136 70.80  43.30 0 125
Sequential questions CE, 136 7586 42.14 0 125
Hypothetical incentives-  CEu 115 5565  36.14 0 125
Random questions CE, 115 7317 3711 0 125

Again, the validity of median, first quartile, atidrd quartile estimates of
individual CDFs §1/2, &2, r1/2, Gua, 84, M4, G312, 8s/2, @Nd r3y4) is determined by testing
Hypothesis Zia both the WMP and the SMP tests. Estimatessasenaed to be valid if
and only if | fail to reject the null hypothesisazhcterizing this test. The WMP test’'s
results show that the “real incentives-sequentiaistjons” treatment and the
“hypothetical incentives-random questions” treattaato not provide valid estimates,
while the “real incentives-random questions” angl ‘ttiypothetical incentives-
sequential questions” treatments do. However, #teity of WMP test’s results about
the “hypothetical incentives-sequential questioratment may be compromised
because all assumptions behind the test are nqgtletety satisfied. As the SMP test’'s
results suggest that also the “hypothetical ineestisequential questions” treatment
does not provide valid estimates, | conclude that‘teal incentives-random questions”

is the only treatment providing valid estimatesi€a2.5).
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Table 2.5 Results at sample level obtained via tieEG

Wilcoxon Binomial
matched-pairs sign test
signed ranks test

Treatment Null Hypothesis z P>z
Real incentives- Median(Cg,) = Median(CEk,) -3.713* 0.002
Sequential questions

Real incentives- Median(CEk,) = Median(CEk,) -1.513 0.304
Random questions

Hypothetical incentives- Median(CE,) = Median(CEk,) -1.283 0.088
Sequential questions

Hypothetical incentives- Median(CE;) = Median(CEk,)  -3.005* 0.000

Random questions

*1% significance level, **5% significance level, *10% significant level

Considering the whole set of subjective estimatad, not just median estimates,
my results support the hypothesis, under which sahjects provided with real
monetary incentives along with random questiongrnetalid subjective probabilities.
This result demonstrates that when the chainingtre of the elicitation mechanism is
not perceived by experimental subjects, monetargritives increase the chance of
eliciting valid subjective estimates. However,died not prove that validity depends on
whether subjects perceive the Exchangeability Ganhe incentive compatible or not.

Above, | predicted that subjects who perceivediNkto not be incentive
compatible strategically play the game and prouigtalid subjective probabilities. My
prediction is supported if the percentage of rewdrsubjects is higher in experimental
treatments where real incentives are associatétseguential questions rather than
with random questions. This is due to the fact shdijects who face sequential
questions, perceive the chaining and, thus, sicigplay (or, at least try to) the
incentive incompatible elicitation mechanism to getter rewarded at the end of the
experiment. | test this hypothesis by taking intoaunt the subjects who belong to real

incentive treatments, and simulating the rewards ¢hch subject should have gained if
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she/he was the randomly drawn subjects and the quiestion he/she answered was the
randomly drawn questidh

| found that the chance of being rewarded is 5@g@rfor subjects playing
sequential questions and 34.78 percent for thaseng random questions (Table 2.6).
This finding supports the hypothesis that subjedis are aware of the chaining play
the elicitation mechanism to get better rewarded, infortunately, also provide invalid

subjective probabilities.

Table 2.6 Percentage of rewarded subjects based their answers to Question 3

Treatment Number of Number of Percentage of
Subjects Rewarded Rewarded
Subjects Subjects
Real Incentives- 22 11 50.00
Sequential Questions
Real Incentives- 23 8 34.78

Random Questions

Thevalidity rate

For each treatment, | calculate the validity r&afewhich is simply the percentage
of valid estimates within each treatment. Accordimghe previous findings, | found
that “real incentives-random questions” treatmenvjales the highest validity rate
(39.13%), then the “hypothetical incentives-randgqunestions” (29.86%), “real
incentives-sequential questions” (26.26%), and dtlgptical incentives-sequential

questions” (22.22) follow (Table 2.7).

13| have chosen the third question because it asandomly drawn question at the end of the “real
incentives-sequential questions” session.
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Table 2.7 Validity rates (/) for all treatments

Treatment Variable Number of Number of valid V (%)
observations observations
Real incentives- First Quartile 66 15 22.72
Sequential questions Median 66 24 36.36
Third Quatrtile 66 13 19.69
Total 198 52 26.26
Real incentives- First Quartile 69 25 36.23
Random questions 1o ian 69 34 49.27
Third Quatrtile 69 22 31.88
Total 207 81 39.13
Hypothetical incentives- First Quartile 57 13 22.80
Sequential questions Median 57 15 26.31
Third Quartile 57 10 17.54
Total 171 38 22.22
Hypothetical incentives- First Quartile 48 12 25.00
Random questions 1o ian 48 18 37.50
Third Quartile 48 13 27.08
Total 144 43 29.86

Again, according to my predictions | found that jgghve probabilities, elicited
providing real monetary incentives and using randpm@stions, are likely more valid
than those elicited providing real monetary incars and using sequential questions.
As demonstrated above, the low validity rate | fdor the “real incentives-sequential
guestions” treatment depends on the fact thatittgpon of sequential questions along
with monetary incentives makes the overall incenthcompatibility of the
Exchangeability Game clear.

Even when monetary incentives are not providedibgests, | found that random
guestions perform better than sequential questiotesms of validity. This result may
be due to the fact that, in the part of the Excleabgity Game related to the elicitation
of the third quartile estimates, subjects are ast@thoose between prospects that they

have already ruled out in the elicitation of thvstfiand second quartile estimates. For
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example, a subject who has expressed median @hdjdiartile estimates, respectively
equal tog;, = 72 andyys = 68, by answering the first and second set ofrigina
questions, is then asked to express the third ifpiagtimateyss. She does so by
answering a third set of binary questions whiclolnwg outcomes greater than 72, and,
thus, in conflict with outcomes she has just chaserevious questions.

While this is clear to subjects who belong to thggobthetical incentives-
sequential questions” treatment, this is not dedhe subjects who belong to the
“hypothetical incentives-random questions” treattn&hus, chaining may induce
subjects to reduce the effort invested in the taakshey may believe that questions
related to the elicitation of the third quartileaomewhat meaningless. My hypothesis
here is supported by the fact that validity ratéhifd quartile estimates in the
“hypothetical incentives-sequential questions” timeant (about 22 percent) is lower
than that founded in the “hypothetical incentivasgom questions” treatment (almost
30, see Table 2.7).

My prediction is also confirmed by the fact thatil@hin the “hypothetical
incentives-sequential questions” treatment, thalitglrate of third quartile estimates
(almost 18 percent) is lower than that of first gl (almost 23 percent), in the
“hypothetical incentives-random questions” treattn#re validity rate of third quartile
estimates (about 27 percent) is greater than fHasbquartile (25 percent — again, see
Table 2.7). The issue of meaningless sequentiatimuns does not arise when monetary
incentives are provided because subjects are agsionpeit more mental effort into
trying to earn as much monetary reward as they can.

Unfortunately, | found relatively low validity ragdor all my treatments.

However, | do not believe this is due to the eittin mechanism per se, but rather, to a
series of different issues that | discuss belowstFsuch low validity rates may be due

to the particular uncertain outcomes | investigateximany subjects were, at least,
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initially unlikely to be familiar with the pesticadrisk issue addressed in the experiment,
the validity of elicited probabilities may be undened by the sense of insecurity that
subjects have likely felt during the tasks (Friacid Baron, 1988). In contrast,
something simple and familiar to all, such as utaiety about temperature, might yield
higher validity.

An alternative potential reason, as to why my stisjeesponses have such low
validity rates, involves the test | have used t@stigate the validity of elicited
probabilities. Recall that to calculate the validiate, | assume that each estimate is
valid if and only if the certainty equivalent foottery 1 was equal to that for Lottery 2.
This procedure seems to be quite constrainingdmeis not imply any statistical test,
but is just a simple check of the equality. Unfastely, here, | cannot either measure or
disentangle the effect of such influencing factorg, only speculate on them.

Given the large proportion of invalid probabilitiéslso investigate their level of
invalidity. Using the invalidity scale describedoate, | found that about 31 percent of
the invalid probability measures are charactertzed very low level of invalidity,
about18 percent by a low level, approximately 1Z@et by a medium level, about 8
percent by a high level, and about 31 percentsra high level (Table 2.8 and Figure
2.2). The fact that invalid observations are coheged at the two extreme levels of
invalidity emphasizes that subjects were eithdraiasophisticated about their
probability estimates or not at all, with a smapertion of the subjects falling in-

between.
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Table 2.8 Percentage of probabilities per level ofivalidity in each

treatment

Level of Invalidity A(CE) TRC TRU THC THU Total
Very Low <27 2371 31.18 30.93 40.54 31.02
Low 27-51 12.37 18.28 24.74 1757 18.28
Medium 52-76 8.25 17.20 11.34 9.46 11.63
High 77-100 7.22 10.75 6.19 8.11 8.03
Very High >101 48.45 2258 26.80 24.32 31.02

Figure 2.2 Histogram of the percentage of subjectesprobabilities per level of invalidity
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The econometric analysis

In this essay, | hypothesize that, not only expental designs, but also socio-
economics characteristics of subjects and theiresegf familiarity with the problem
influence individual performances in terms of vayidThis hypothesis is
econometrically tested by estimating a discreteehwowhich the dependent variable
VALID represents the validity of each estimate provioedach subject. The dependent

variable takes the value 1 if and only if the estienis valid according to Hypothesis 2,
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and thusCE|L(x: G! )| = CE[L(x: G¥)|, with k# i, k<j**. Given that each subjeict
provides 9 estimatesi(», ai/, 1/2, Qu/a, /4 Y14 Biar 304, @Nd r31), | should have a
panel data of 720 observations. However, | haveni2ing values for the dependent
variableVALID because the Certainty Equivalent Game investigdlie validity of
each estimate was not always displayed to subjerisg the experiment depending on
their choice behavior.

In my model (Equation 2.1), the probability thatkeandividual estimate is valid,
depends on a set of explanatory variables avaifatnhe survey-type questions given in
the laboratory: the experimental treatment thajesub belong to, the socio-economics
status of subjects themselves, and subjects’ dedreerest in the issue of food safety

(see Table 2.9 for details about the explanatorialskes).

Equation 2.1

VALID, :'80 +181Ti +182Rvi +183Pi +:84S| +185|i +:86TR

| estimate this model by using the generalizedalimaodel estimation with and
without robust standard errors. Hereafter, | foonghe estimation with robust standard

errors that allows for clustering effects.

“ My dependent variable relies only on Hypothesisi2,not on Hypothesis 1, because, while the latter
only test the validity of median estimates, therfer takes into account also first and third questil
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Table 2.9 Description of dependent and independentriables of Model 1

Variable Definition Mean  St.Dev.

VALID = 1if valid, = 0 otherwise .368 482

TRS =1 if “Real Incentives- 275 446
Sequential Questions”
treatment,
= 0 otherwise

TRR =1 if “Real Incentives-Random  .287 452
Questions” treatment,
= 0 otherwise

THS =1 if “Hypo Incentives- .237 425
Sequential Questions”
treatment,
= 0 otherwise

THR =1 if "Hypo Incentives- .200 .400
Random Questions” treatment,
= 0 otherwise

G Number of days when the .333 A71
infestation risk is extremely
high in April

A Number of apple containing at .333 AT71
least one pesticide residue

R Number of apple containing .333 A71
multiple pesticide residue

50" PERCENTILE Observations related to the .333 A71
median of G, A, and R

25" PERCENTILE Observations related to the | .334 A71
quartile of G, A, and R

75" PERCENTILE Observations related to the Il .333 A71
quartile of G, A, and R

CONSUMER =1 if the subject eats at least 3 .478 .500
apples a week
= 0 otherwise

CONS_ASS =1 if the subject is a member of .062 242
a consumer association
= 0 otherwise

PRODUCER =1 if the subject produces .037 .190
apples
= 0 otherwise

TRENTINO =1 if the subject resides inthe  .737 440
province of Trento
= 0 otherwise

IPCC_TRUST Trust in IPCC'’s predictions of  2.950 .545
the future temperature and
precipitatior?

FEM_TRUST Trust in FEM’s predictions of 2.587 .684
fire blight’s infestation risk in
the futuré

SCENARIO_TRUST Agreement with the fact that 2.912 778

farmers will use the chemical
control in the futuré)

44



AGE Age in years 32.746 12.578 19 68

FEMALE =1 if female, 4366 4994 0 1
= 0 otherwise

SECONDARY_SCHOOL =1 if the subject have this .1830 .3895 0 1
education level,
= 0 otherwise

HIGH_SCHOOL =1 if the subject have this .5070 .5035 0 1
education level,
= 0 otherwise

UNIVERSITY =1 if the subject have this .3098 4657 0 1
education level,
= 0 otherwise

SCIENTIFIC =1 if the subject have a .487 .500 0 1
scientific education
= 0 otherwise

#From 0= very high trust to 4= very low trust
® From O=strongly disagree to 4= strongly agree

My first aim is to test again whether the probapitif providing valid estimates
depends on the provision of monetary incentivesthadrdering of questions. The set
of variablesT consists of four dummieI RS TRR THS andTHR) which take the
value 1 if and only if the subjects belong to tkpeximental treatment that the variable
represents. | observe that only subjects who bdiotige “real incentives-random
questions” treatmenTRR have a statistically significant higher probaigilbf
providing valid estimates than those who belonth&“hypothetical incentives-
sequential questions” treatmeHS which is used as baseline (Table 2.10). This
result supports my previous findings from non-paetiio testing and validity rate’s
analysis.

Two other sets of dummy variables have been indudeny model, the firsRRV,
to capture whether the probability of providingidadstimates depends on the variable
that subjects have to consider in playing the Ergkability Game, A, orR), the
secondP, to capture whether the validity of stated estimatesatistically different

among mediangq,, au2, and ryyp), first quartile §u4, a1/4, and ry4), and third quartile
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estimatesds/s, asis, and rzs). However, | found no statistical difference innbes of
validity between estimates related to diverse wemand diverse percentiles (Table
2.10).

Then, | also investigate the effects of socio-eooicovariableS on the probability
that subjects provide valid estimates. | take mgsdiom extensive psychological
research on the role that several factors canipléye determination of perceived risks.
The variables under study are a§&€), gender FEMALE), education $ECONDARY,
HIGH_SCHOOLandUNIVERSITY, and the type of educatioSCIENTIFIQ. |
expected that the probability of providing valgtimates would possibly increase for
high educated and younger subjects, but | fountdaldar subjects’ estimates are more
likely to be valid than the others (even thoughh@percent significance level) and
education does not affect the validity of indivitleatimates, at least in my sample
(Table 2.10).

Furthermore, | consider also the interest of subjen apples and food safety by
including in the model a set of dummy varialdlesuch as being an apple farmer
(PRODUCER, being an apple consum&@NSUMER, being a member of a
consumer association (CONS_ASS), and being residenhé Province of Trento
(TRENTINQ. Although | expected to observe that subjects vaside in the Province
of Trento and consume and/or produce apples pefetter than the other in terms of
validity, perhaps, because they are more intergébtadthe others in the topic, my
empirical results suggest no significant explanagdfects for these variables (Table
2.10).

Finally, I add in my model another set of dummyiaiales TR) which capture
whether subjects trust the predictions of IPCC absmperature and precipitation in
2030 (IPCC_TRUST), the predictions of Edmund Maohriation (EMF) about the

fire blight's infestation risk in 2030 (EMF_TRUSTnd my statement that apple
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farmers will continue to use the chemical contgdiast apple disease in the future
(SCENARIO_TRUST). In this case, | predict that sat$ who trust the information |
gave them during the experimental instructions nikety provide valid estimates than
the others. This is due to the fact that the trysieys the game more carefully. Despite
that my predictions are confirmed overall, | fouhd trust in EMF’s predictions

reduces the probability of providing valid estinsgaf&able 2.10).

Table 2.10 Generalized Linear Model
Estimation of Models land 2

Dependent Variable:VALID

Variable Model 1 Model 2
TRS 370%* .370
TRR .648* .648**
THR .385** .385
A -.058 -.058
R -173 -173
MEDIAN -.077 -.077
25" PERC -.094 -.094
FEMALE -.097 -.097
AGE .019* .019%*
SEC_SCHOOL -.086 -.086
HIGH_SCHOOL -.016 -.016
SCIENTIFIC 173 173
PRODUCER 584+ 584
CONSUMER -.021%%* -.021
CONS_ASS 312 312
TRENTINO 067 .067
IPCC_TRUST .359* .359%**
FEM_TRUST -.355* -.355%*
SCEN_TRUST .253* 253%x
CONSTANT -2.160* -2.160**
LOG L.HOOD -347.702 -347.702

#Robust standard errors and clustering effects
*1% significance level

**506 significance level

***10% significant level
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The consistency of my econometric results with ¢haistained from non-
parametric tests and validity rate’s analysis satgthat the provision of real monetary
incentives along with random questions increasewdtidity of elicited estimates.
Moreover, | found that socio-economic variables tredinterest of subjects in the topic
do not influence the likelihood of providing vakstimates. Only age and trust affect

subjects’ ability to state valid estimates.

Conclusion

This essay has considered the influence of monéetaentives and question
ordering on elicitation of subjective probabilitiga the Exchangeability Method. In
particular, | have shown that incentive compatipitif elicitation mechanisms
determines the validity of elicited beliefs, atdem my study. In fact, when subjects are
provided with monetary incentive along with seqisdrguestions, which make subjects
aware of the chaining and, thus, of the incentne®mpatibility of the game, they try to
strategically behave in order to get better rewduatethe end of the task and provide
invalid subjective probabilities. On the other hawtien subjects are provided with
monetary incentive, but random questions, whichertak chaining and, thus, the
incentive incompatibility of the game less trangpdito subjects, they state their real
beliefs and return valid subjective probabilitislen-parametric tests demonstrate that
only subjects provided with real monetary incergigad random questions state valid
subjective probabilities.

Although non-parametric tests have shown that stdbjgho are not provided
with monetary incentives return invalid estimatedemonstrated, by investigating
validity rates, that subjects provided with randguestions performs better than those
provided with chained questions in terms of vajidgiven or not given monetary

incentives. In fact, validity rate for “hypothetlagacentives-random questions” are
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substantially higher than that for “hypotheticatentives-sequential questions”. This
result is likely due to the fact that sequentiatgfions generate less meaningful tasks
where subjects are asked to choose between twpamissthat they have just ruled out
in previous questions. This in turn may affectvhkdity of elicited probabilities, as
subjects may invest less cognitive effort in playihe game.

Those interested in using the Exchangeability Metten thus walk away with
important messages here. First, incentive compigfibf elicitation mechanisms may
affect the validity of elicited beliefs. Subject®andeed more likely to provide valid
estimates, over more of an entire distributionr{tbae measure of central tendency), if
they are rewarded with real monetary incentivegthas their performances and
presented with experimental design where the chguiisi hidden through a particular
randomization of the questions. Second, and ma@apgiinting perhaps, is that only a
relatively small portion of stated estimates (altwt¥6) can be considered valid under
the definition | have applied here, which relabe¢havioral axioms. The latter
implication may be of little surprise to skeptibsit is relevant in my goal to continue to
improve ways to provide reliable information abpabple’s subjective probabilities.

Further researches on the validity of subjectivabpbilities elicited via
Exchangeability Method might address these issugtgandividual level. Instead of
investigating the validity of each single observatione might investigate the ability of
each subject in providing valid estimates. This lddae possible by collecting, for each
subject, a number of observations large enougéstathe validity of her/his stated

probabilities by using non-parametric tests.
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CHAPTER Ill. THE IMPACT OF INTERNAL VALIDTY ON SUBJ ECTIVE

PROBABILITIES

Introduction

Despite progress that international and nationtlaities have made toward
ensuring food safety (e.g., food-labeling, packgginspections), food-related risks still
get the attention of a substantial proportion afstoners. For example, approximately
30 percent of all Europeans remain concerned dimmalth consequences of pesticide
residues in food (European Commission, 2010).

As both short- and long-term health outcomes indumefood safety are often
uncertain, people’s own probability estimates magdme crucial for understanding
their choice-behavior towards food products orges (Kivi and Shogren, 2010). In
fact, probability estimates may dictate consumehngices far more than science-based
predictions would. Several empirical investigatitiase shown that subjective
probabilities often differ from science-based orma®&n when people are told what these
are (e.g., Riddel and Shaw, 2006). There mightMzegeneral reasons why such a
discrepancy exists. First, while science-basedaiistic estimates may be simple
averages based on frequency values for homogempuggtions, individual subjective
probabilities may be heterogeneous, and causékifoneterogeneity may be observed
or unobserved. For many individuals, their subyecprobabilities might be accurate,
and not truly equal to the average population podia Second, some individuals may
make mistakes in processing probability-relatednmiation, and formulate estimates
that are higher or lower than the science-basedigiiens. Much of what economists
know about subjective probabilities has been boebwom initial work by

psychologists (e.g., Slovic, 1987).
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Although an extensive literature has shown thajesiive probabilities related to
financial outcomes affect people’s choices undse and uncertainty in several
branches of applied economics (see Manski, 2004 ferview), a relatively small
number of studies has investigated the influenaegtbjective probabilities related to
health outcomes have on people’s behavior relatdlokeir everyday choices. A few
studies have primarily coped with probability esites of health outcomes related to
smoking behavior (e.g., Viscusi, 1990; Gerking &haddaria, 2011) as well as
drinking contaminated water (e.g., Jakus et aD92Ghaw et al., 2012). Unfortunately,
little has been done into investigating whetheljettive probabilities of health
outcomes due to food safety affect people’s ecoa@moices in their everyday life. A
small number of studies have shown that consursatgective probabilities of health
outcomes (i.e., mortality rate) due to the presaiqeesticide residues in fresh fruit and
vegetables drive their preferences for free-pekifiesh fruit and vegetables in
hypothetical markets. (e.g., Hammit, 1990; van Rawaay and Hoehn, 1991; Buzby et
al., 1998).

In contrast, here, | mainly examine probabilityiresites of food safety outcomes
themselves. In particular, | investigate consumgugjective probabilities that given
proportions of apples produced in the Provincerehto (Italy) will contain pesticide
residues in 2030. Given that pesticide residueg lkkamsequences on health,
consumers’ expectations about the future preseingesticide residues in apples may
affect their support for agricultural policies whiaim to incentivize the production of
free-pesticide fruit and vegetables. This issuebess particularly important in areas
like the Italy’s Province of Trento, where the sdilke gross production of apple is
approximately 23 percent of the entire agricultgakable gross production in that area

(P.A.T., 2010).
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The bulk of the literature which has investigatatjsctive probabilities related to
food safety has barely taken into account thetfadtelicited subjective probabilities
might not be valid, in the sense that subjectitereges might not obey to all axioms
and theorems of Probability Theory (de Finetti, 2;9874a; 1974b). An exception is
the experiment conducted by Cerroni et al. (2042yhich the validity of subjective
probability elicited via the Exchangeability Meth(eM) (Baillon, 2008; Abdellaoui et
al., 2011), an innovative elicitation techniquesdzhon the notion of exchangeable
events (de Finetti, 1937), has been tested.

Investigating the validity of subjective probabédi might help to better
understand people’s choices under risk and unogytdn fact, the inclusion of invalid
observations in subjective expected utility or othen-expected utility models to
predict decision making, might generate biasedltesespecially if invalid
observations systematically differ from valid omes$erms of magnitude. For example,
if invalid subjective probabilities are systemallicéower (or greater) then valid ones,
consumers’ preferences (i.e., willingness to su)gor agricultural policies might be
underestimated (or overestimated).

Given that, in this essay, by using Cerroni esdR012) results on the validity of
subjective probabilities, | analyze the discrepabetyveen valid and invalid probability
estimates in terms of magnitude. Furthermore,d atonometrically identify attitudinal
and socio-economic factors that shape the subjpetseptions, comparing my results
with previous findings.

The remainder of the essay is laid out as folldwshe next section, | review
previous studies dealing with perceptions of pasicesidues and its consequences on
human health. Next, | define the aims of the curstudy and provide detailed

information about the experimental design. Findllyifer a discussion of my results.
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Subjective probabilities and pesticide residues

Many stated-preference (SP) studies have investigae role of consumers’
perceptions of health outcomes due to pesticiddues in determining food-
purchasing behaviors. In general, these studies slaswn a negative correlation
between people’s perceptions of health outcomegsalpesticide residues and
willingness to purchase products which contain ¢hdsemical substances. Many food
products have been considered, ranging from genatabeled ones (e.g., Misra, et al.,
1991; Eom, 1994; Rimal, et al. 2008) to specifjpaty of fresh fruit and vegetables (e.qg.,
Fu et al., 1999; Boccaletti and Nardella, 2000).

Most studies do not focus on subjective probabdgitbut on people’s concern
about the severity of health consequences duestbgafety”. For example, individuals
might be asked to indicate the presence of heaklk using simple descriptive labels
(e.g. high, medium, or low), likert or other nunoatiscales.

Eom (1994) elicited subjects’ concern about thegmee of pesticides in general
commercially grown food products by using a likezale between 0 (no risk) and 10
(very serious risk). This study found that the agerconcern across consumers was
quite high, around 6.6. The same approach was také&u et al. (1999), but for fresh
fruit and vegetables. In this case, the averagd levconcern was extremely high,
exceeding 6, on a scale between 0 arld their experimental auction for residue-free
foods, Roosen et al. (1998) used a simple scaterafern (1 to 5) to investigate the
influence of subjective perceptions on consumeddibg behaviors. The approach
recently used by Rimal et al. (2008) to elicit pletgpperceptions of pesticide residues

in food was even simpler. Here, individuals weray asked to state whether the

'3 |n contrast, one might use observed purchasesmsactions as a way of revealing individuals’ sens
of risk, but identification issues may easily aiiis¢he effort to uncover the risks and sort thesefrom
other influences on purchases, from the data.
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problem of pesticides in food was serious, modevateexistent, and the finding was
that more than half the subjects chose the sedptisn.

Boccaletti and Nardella (2000), improved the apphaased by Misra et al.
(1991), implementing a Likert Attitude Scaling Pedare, where individuals are asked
several questions and, then, an individual-spestare is calculated to measure the
concern about pesticide residues on fresh fruitvaggtables. The mean score across
consumers was 78 on the maximum of 100, whereather value is not a probability
per se, but indicates very high concern.

While these simple efforts are appealing, they majacking in that they do not
provide the information that would be ideal in attonodelling risky behaviours. For
example, a reliable numerical estimate of probghian be directly used in either an
expected utility or subjective expected utilityrfrawork, but measures of concern, or
other responses, which are not probabilities cabhaatsed in this way (Manski, 2004).

Several scholars have questioned whether percepti@asured on some scale, as
done in some of the studies above, are good iraiaf probability (e.g., Viscusi and
Hakes, 2003). At the very least, one would havease strong assumptions to re-map
from a 0 to 10 discrete response scale to a Quiatlinterval. This could be done for
example, to get a relevant probability, which isofirse a continuous variable on the
unit interval. Simple recoding would of course m#kenpossible to obtain other
probability estimates than in 10% jumps (10%, 28985, etc.). Hence, many other
studies have paid closer attention to the eliatatf actual numerical probability
measures. In most of these studies the elicitstbieme is simple, and people are just
asked to state probability estimates. The spegifignitude of the outcome that will
happen is typically first presented, and individuale then asked about the probability

of this occurring to others (e.g., Viscusi 199ksageople to guess how many smokers
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out of 100 will get, or die from, lung cancer),torthemselves, but many variations in
presentation are possible. The techniques whidtillrelicit subjective probabilities
are called direct methods (Spetzler and Von Haiste975).

Extensive research, much of which is in the psyawliterature, has shown that
people do not easily understand numerical proliggdsl{especially small ones), and,
given that, suggests different approaches (i.eguencies) for making people willing
and able to state their best estimates (e.g., &ger and Hoffrage, 1995; Hammit and
Graham, 1999; Corso et al., 2001).

Several studies suggest that mortality risks belted as deaths per 100,000 or
some other number in the population, avoiding suhetimal place numbers that are
confusing. Buzby et al. (1998) ask subjects thein gubjective probability of dying
from consuming fresh products containing pesticidess similar manner, specifically,
as the annual number of deaths per 1 million imlligls. Since this probability-
estimation task may be difficult for laypeople, gdbs in both of these studies were
provided with risk ladders showing probability ofitlg from more-familiar causes of
death. The mean probability estimate was roughlgeths per million in the
population, per year.

Williams and Hammit (2001) used this same basibriggie to examine the
annual fatality rate per 1 million in the populatiof the United States for several
categories of food hazards, and one of these sadla¢ presence of pesticide residues
in food. Generally, consumers perceived the prditabif dying due to pesticides as
being greater than either natural toxins or miabpathogens. In particular, to
conventional buyers, the annual median fatalitg keticause of pesticide residues on
fresh products was 50 per million, while, to orgafwiod buyers, this was 200 per

million.
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Although direct methods are very easy to designiaapdement, they have been
guestioned because of the quality or accuracyeoéticited subjective probabilities. In
the cognitive psychology literature the ability,roore specifically, the willingness of
subjects to put efforts in expressing their bahefiumerical probabilities, has been
extensively debated. The elicitation of numericalgabilities is of course easy and
feasible, but reliable results are not guarant®héki, 2004).

An alternative way of eliciting subjective probatids consists of using subjects’
choices, most often made over lotteries and gamlvigsarticular, probability measures
are indirectly estimated by the researcher at tetp for which people show their
indifference between lotteries or gambles, whiah lsa thought of as games that the
subjects play. These techniques which indirecilyitedubjective probabilities are called
indirect methods (Spetzler and Von Holstein, 19Thpse methods are assumed to be
less demanding than direct methods from a cogntoiet of view as subjects are not
asked to directly express a numerical probabitity,to compare risky outcomes and
choose the most likely one (Spetzler and Von Holst975).

To my knowledge, the first application of an indiréechnique in eliciting
subjective probabilities related to the presenceesticide residues in food is
represented by the Cerroni et al. (2012)’s experntaienvestigation. In particular, that
study has elicited numerical subjective probaletitihat given proportions of apples
will contain pesticide residues by using the EMjratirect elicitation techniques in
which subjects are asked to bet a given amountoofayion a given outcome rather
than on an alternative one. Subjective probakaligyindirectly inferred at the point for
which subjects show their indifference for bettoargone of the two outcomes. One
innovative aspect of this elicitation techniquessists in asking subjects to focus on

the severity of the outcome, rather than on théabdity of a given outcome to occur.
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This investigation into outcomes is rare, as comgao attention paid by previous
studies to subjective probabilities of endpoinksissuch as human mortality or
morbidity risk (Kuhn and Budescu, 1996).

The study by Cerroni et al.’s (2012) differs frohe tulk of the literature which
investigates subjective probabilities related todfeafety in other aspects. First, while
previous investigations were purely hypothetidadt tstudy used monetary incentives to
push subjects into stating their real expectat{dussler and Evans, 2009). Given that,
it must be considered the first economic experinediniting subjective probabilities of
food safety outcomes related to pesticide residsesond, Cerroni and colleagues
(2012) have analyzed for the first time the vajidif subjective probabilities related to
food safety outcomes. They identify valid estinsdtg using a validation procedure
based on the deFinetti’s notion of coherent sulyjegqirobabilities (de Finetti, 1937;
1974a; 1974b).

In particular, they have tested whether validitebfited subjective probability
depends on the monetary incentives and the ordgueastions. To test their hypotheses,
selected participants were randomly assigned totfeatment group, the real monetary
incentives-sequential questions, the real monetagntives-random questions, the
hypothetical monetary incentives-sequential quastiand the hypothetical monetary
incentives-random questions. In the hypothetiedtinents, subjects are only given the
show-up fee, while in the real monetary incentitreatments, one randomly selected
subject from each treatment has the chance to pvio an additional 100€ based on
her/his choices during the experimental games.ohihedifference between the
sequential and random treatments is the ordereofjtiestions, and in fact subjects in
the former treatments face sequentially orderedtrues, while subjects in the latter

face randomly ordered questions. Previous resesitbin decision analysis and
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management science has shown that the order sfigog undermines the reliability of
subjective probabilities (e.g., Wakker and Denef296).

Investigating the validity within each treatmenbigp, Cerroni et al. (2012) found
that subjects provided with real monetary incergtimad random questions more likely
return valid estimates. Examining the validity ath elicited subjective probability,
they found that the proportion of valid estimat&e29.72 percent in the sample. In
particular, they showed that the proportion of daliibjective probabilities is 39.13
percent in the real monetary incentives and rangoestions treatment, followed by
29.86 percent in the hypothetical monetary inc&stiand random questions treatment,
26.26 percent for the real monetary incentivessagliential questions treatment, and
22.22 percent for the hypothetical monetary ina@stiand sequential questions
treatment. This suggests that in each treatmenipgittere is a relatively small portion
of valid subjective probabilities, and the real gmnsation with sequential responses
out-performs the other treatments.

As subjective probability are often incorporatedhia standard subjective
expected utility or other non-standard theoriedesfision making under risk and
uncertainty to model and predict risky behavidns, ilentification of valid probability
estimates becomes crucial to obtain highly predécathodels, and thus, reliable findings
on subjects’ choice behavior. This is particularbe if valid observations
systematically differ from invalid ones in termsmégnitude. In the latter case, failure
to recognize valid subjective probabilities mighdluce us to over- or underestimate

subjects’ true expectations, and hence, to wropgddicts their behavior.
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Objectives

By drawing on Cerroni et al.’s (2012) investigatimd using the same dataset
they have used in their analysis, | first invesegsubjective probability estimates that
given proportions of apples will contain pesticidsidues.

Second, | examine the potential discrepancy betweakd and invalid subjective
probabilities to fully understand whether failuceréecognize validity implies an over-
or underestimation of consumers’ true probabilgtireates.

Finally, | estimate a behavioral model to idengafyitudinal and socio-economic

factors that affect the subject’s probability esties of pesticide residues in apples.

The empirical application
The case study

The fire blight is a bacterial disease that hasatged and killed apple plants in
the Province of Trento since 2003 (EMF, 2006). ¢tent infestation rate which is
the number of days in which the infestation océarthe blossoming period is less than
1 per cent. The infestation rate depend on clim@r@ameters such us temperature and
precipitation. In this region of Italy, farmers cemtly adopt preventative measures
based on pesticide usage in the form of copper ocangs or Acibenzolar-S-metile to
control the mild negative consequences that fighbhas on apple production.
However, the future increase of the infestatior,rathich is predicted to reach 17
percent in 2030, might eventually induce farmersge new pesticides for preventative
and curative control of fire blight. One candidet¢he antibiotic streptomycin,
currently forbidden under Italian law, but whichshzeen already used in U.S.,
Germany, Belgium, and The Netherlands to contrellflight (Németh, 2004). After

providing subjects with a description of the rel@vecenario, as well as precise
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information about the values that the random véembnder study had in the last ten
years (from 2000 to 2009), | ask them to express Hubjective probabilities of the
number of apples containing pesticide residue®B80dy playing my experimental

games.

The dataset

The dataset is the same used by Cerroni et dl2§2dhd consists of 1,200
probability estimates, 400 for each of the threwloem variables under study which are:
the number of appleg, containing at least one residue in a sample Ofdlples in
2030°, the number of apples, containing at least two residues (multiple resijuin a
sample of 100 apples in 20%0and the number of dayg, during which the infestation
will occur during the blossoming period in 26%0The latter variablg was added
because of the potential link between the developrokfire blight and the presence of
pesticide residues in apples.

These variables were selected after having interdeapproximately 20 focus
group subjectsThe year 2030 is chosen because the best avasiaielece predicts that
the heavy development of new phytopathology, asditbdlight, will start

approximately twenty years from now in the Proviot@rento.

The sample

The pool of sample subjects consists of 80 indiaisllbbetween 18 and 70 years
age who live in the Province of Trento. The sampleot, strictly speaking, randomly
selected because subjects were recruited outsidienharkets, but it is still quite

generally representative of people living in this\nce because most all people in the

'® The apple containing residues are those contaatitepst one residue beyond the level of 0 mg/kg.
" The apple containing residues are those contaatifepst two residues beyond the level of 0 mg/kg.
'8 The blossoming period usually occurs in Aprillve Province of Trento.
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region go shopping in those markets at some poiahother. A show-up fee of 25€
was given to each participant as a compensatioadaeing to come into the

experimental lab of the University of Trento toegbart in the experiment.

Methods
The dlicitation of subjective probabilities: the Exchangeability Method

In this section, | briefly describe the EM, theheirjue used by Cerroni et al.
(2012) to elicit subjective probabilities. The EMnsists of multiple binary questions
where subjects are only asked to bet a certain atredunoney on one of the two
disjoint subspaces in which the whole state sp&tieeovariable under study has been
previously divided based on their choices. Whenesub become indifferent to bet on
one disjoint subspace rather than on the othey,aleeassumed to perceive those
subspaces as equally likely (Spetzler and Von dimisti975). This method allows
eliciting several point estimates of the individaamulative distribution function
(CDF) of the random variable under study for eaqteeimental subject. Interested
readers may find additional details about the EMIalellaoui et al. (2011), Baillon
(2008), and Cerroni and Shaw (2012).

The EM is applied to elicit subjective probabilgief three random variables,r,
andg. As the EM is formally described in Cerroni et(@012), for brevity’s sake here |
only describe my application of the EM that consdire number of apples containing
at least one residue in a sample of 100 apple830 Pvariablea). At the beginning of
the game, | ask subjects to express the loagrahd upper boundsy) of the event
spaceéA. In this way, | identify the individual-specifiamge outside of which subjects
are essentially certain that the outcome cannqgtérapt all. Assume that subjectates

thatagis equal to 60 apples aagdis equal to 76. This means that she/he believés tha
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the probability that the portion of apples contagnat least one pesticide residue in
2030 will be outside these bounds (i.e. less titaarti greater than 76) is equal to zero.
The second step involves asking a series of quesstamestablish the value of

ay/» that corresponds with the B@ercentile of the subjective CDF, the median
estimate. The first binary question is generatedpiiting the event space in two
prospects by using the following algorithm, 60 #g{ 60)/2] = 68. It follows that the
first binary question implies a choice between peatsA;={60<x<68} andA,={68<x<
76} (see Example 1 in Appendix A). Following thestichoice, the exercise is repeated
using a bisection of the chosen prospect. For elgnisubject has chosen prospect
A;={60<x<68}, the second binary question asks subjecthoose between prospects
As={60<x<64} andA,={64<x<68}. The bisectioning process goes on until the subjects
become indifferent between the two prospects;iatgbint | am able to estimate the
median pointy, of the subject’s subjective CDF. This estimategatis that there is a
50 per cent chance that the number of apples titlatomtain at least one pesticide
residue in 2030 will be equal to or less tlaap. A similar process can be followed to
determine as many other points for the individuslibjective CDF as is desired,
depending on limitations of the subjects’ attentspans. For this study | also elicit the
25" percentile &.4) and the 78 percentile &g/4).

Subjective probabilities are elicited for variab#eg, andr, defined above. For
each variable, | elicit 5 percentile estimates,tiveer bound g, a, andry), the 25
percentile @14, a1, andry.), the 50" percentile @15, a1, andryy), the 78" percentile

(9s3/4, @314, @andrsyy), and the upper bounds( a;, andr,).
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The validity of subjective probabilities: the Repeated Exchangeability Game and
Certainty Equivalent Game

In this section, | briefly describe two additiomadperimental games that were
implemented by Cerroni et al. (2012) to facilittte identification of valid probability
measures, the Repeated Exchangeability and Certaiutivalent Game (REG and
CEG, respectively).

The REG allows us to identify valid probability nseiaes at the sample level by
statistically comparing estimates of thé"§@rcentile elicited via the EMa{,) with
those elicited via the REGy(,'). The REG differs from the standard EM as thedow
and upper bounds of the event space are not ddiyaglanda;, but by the subjective
probability estimates ajy/, andgs4 elicited via the Exchangeability Game.

The sample provides valid subjective probabilitfiesnd only if these estimates
do not significantly differ from each other. In tB&G, subjects are presented with two
choice tasks, say CT1 and CT2, both containindpiary questions, each asking
subjects to choose between a gamble and a centainra of money.

Next, | provide an example of the CEG that concénesnumber of apples
containing at least one residue in a sample ofajdes in 2030 (variabk. Assume
that subject provides us with an estimate af,that is equal to 66 apples, in CT1
she/he has to choose between options A (placeaf k€ on the fact thaa is lower
than 66) or B (take the certain amount of mone\0, 25, 49, 51, 75, and 100€). For the
second choice task CT2, she/he has to choose betywgens A (a bet af € on the
fact thata is greater than or equal to 66) or B (take thewamhof money = 0, 25, 49,
51, 75, and 100€). The certainty equivalent forltiteery described in option A is
determined by looking at the first question of ¢ginein the choice task in which the

subject switches from choosing option A to chogstoo B (the amount of money).
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The CEG is played for the 9Bercentile @4, ays, andry), the 5¢' percentile @z,

au/, andryy), and the 78 percentile @4, agia, andrz). The CEG allows identification
of valid probability estimates at both the sampid adividual level. In the former
case, the sample provide valid probabilities if anty if CE estimates related to CT1
and CT2 does not statistically differ from eacheottit the individual level, each
specific probability observation is valid if andlpiif the CE estimates related to CT1
and CT2 are equal. In this case, | do not use &tigtcal procedure, but | only

ascertain that each pair of CE measures (for C@81CarR) is equal.

Results
The analysis of subjective probabilities

On average, estimated bounds of varia@eiggest that the subjects believe the
number of contaminated apples out of 100 will bevieen 56 and 75. Using
information from the estimated 25th percentilesguee that subjects believe there is
only a 25 percent chance that the number of amaletining pesticides will be lower
than or equal to 66. Using average values for @feaid the 75 percentiles it appears
that the subjects attach a 50 percent chance tat¢héhat the number of bad apples will
be lower than or equal to 69, and 75 percent chantee fact that this number will be
lower than or equal to 71 apples (Table 3.1 andrei@.1b). Taking into account that
the number of apples with at least one pesticideloe at present (in 2009) is 63 out of
100 (Italian Ministry of Health, 2010), | conclutieat subjects do not in fact perceive
an increase in the number of apples containingaatlone pesticide residue by the year
2030 to be particularly substantial and, very kel

Following the same general approach, | interpretgrgile estimates related of

ther variable, which is the number of apples contaimngtiple residues in a sample of
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100 apples in 2030. In this case, | found thaidler bound i) is about 31, the 75
percentile (1.4) is 42, the 58 percentile () is 45, the 7% percentile I(z2) is 48, and
the upper bound) is 52 (Table 3.1 and Figure 3.1c). As might be eigxh the
average percentile estimates @fre always smaller than those of variablgee Figure
3.1b and 3.1c) because the number of apples wittipheuresidues should always be
lower than the number of apples with at least @s&due. However, given that 31
apples, over the 63 containing at least one restues multiple residues in 2009
(Italian Ministry of Health, 2010), | deduce thatgects perceive an increase in the
number of apples with multiple residue to be gsigmificant and likely. For example,
they think that there is 75 percent chance thahtmber of apples with multiple
residues will be 48 at the worst.

To summarize, although subjects believe that tmeb®u of apples containing one
residue or more will not significantly increasethg year 2030, they predict that the
number of apples containing multiple residues (ntlbae one) will significantly
increase. This means that the number of applesicamg only one pesticide residue
will decrease, but the number of apples with mldtiesidues will significantly grow
by the year 2030.

Considering the infestation rate which is the nundfelays in which the
infestation will occur during the blossoming period2030, | found that the lower
bound(go) is 6, the 28 percentile @1,4) is 8, the 58 percentile(gyy) is 9, the 78
percentile(gs) is 10, and the upper boungh)is 12 (Table 3.1 and Figure 3.1a). Given
the fact that the number of days in which the itasn actually occurred in 2000,
2005, and 2010 was very close to zero, | conclhdedubjects perceive the infestation

rate in 2030 as being quite high and likely.
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Table 3.1 Summary statistics of percentile estimasefor each variable

Variable Obs. Mean  Median St.Dev. Min Max

o 80 6.176 5.000 4.677 1.000 29.000
bleg 80 7.912 6.750 5.879 0.205 29.250
Ois2 80 9.175 7.500 6.320 0.500 29.500
U3/ 80 10.250 9.000 6.228 0.750 29.750
u 80 11.925 10.500 6.072 1.000 30.000
a 80 56.354 60.000 20.455 4.000 90.000
A4 80 65.637 68.000 21.879 5.000 96.000
ay 80 69.200 72.000 21.907 6.000 98.000
A3/ 80 71.187 74500 21.896 8.000 99.000
ay 80 75.450 80.000 21.706 10.000 100.000
r. 80 31.392 32.000 16.381 4.000 82.000
r14 80 42.387 38.000 19.066 5.000 90.000
ri 80 44.875 41.000 18.941 6.000 92.000
I 80 47.700 43.000 19.334 8.000 93.000
ry 80 51.825 47.000 19.241 12.000 100.000
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Figure 3.1 The average number of days in which thiafestation will occur during the blossoming
period in 2030 @), the average number of apples containing at leashe residue in a sample of 100
apples in 203019), and the average number of apples containing morhan 1 residue in a sample of
100 apples in 2030d).
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The difference between valid and not valid subjective probabilities

Using results on validity obtained by Cerroni et(@8D12) via the Certainty

Equivalent Game, for each random variables, | camffee magnitudes of valid and

invalid estimates at both the sample and individiexa¢ls®. At the sample level, | find

here that the valid estimates are lower than idvaties for each percentile (thé™2&he

50", and the 75) of each variablea( r, andg) (Table 3.2). However, by using the

Kolmogorov-Smirnov (KS) and the Mann-Whitney U (MWiésts, | find that the

discrepancy between the magnitudes of valid andlichestimates is not statistically

significant for all variablesa, g, andr (Table 3.3). Hence, even if my results suggest

that failure to recognize validity may induce resbars to overestimate subjects’ true

probabilistic expectations, this finding is nottstcally supported.

Table 3.2 Average values of variable g, a, and r neidering valid and invalid observations

Variable Valid at Invalid at Valid at Invalid at
sample level sample level individual level individual level
Obs. Mean Obs. Mean Obs. Mean Obs. Mean
Oua 23 7.326 57 8.149 19 9.421 34 8.500
012 23 8.434 57 9.473 35 8.228 43 9.674
O3/4 23 9.583 57 10.512 12 9.916 33 9.196
Tot. 69 - 171 - 66 - 110 -
W 23 62.691 57 66.823 21 66.476 46 68.195
ay 23 67.304 57 69.964 25 63.280 55 71.890
A3y 23 69.652 57 71.807 19 68.157 34 68.882
Tot. 69 - 171 - 65 - 135 -
F1/4 23 38.782 57 43.842 17 36.470 46 47.782
r12 23 41.826 57 46.105 26  38.846 54 47.777
F3/ 23 45.608 57 48.543 18 38.944 38 46.815
Tot. 69 - 171 - 61 - 138 -

19| used data from the Certainty Equivalent Gameabse it allows me to take into account first, selcon
and third quartile estimates, while the RepeatecthBrgeability Game only deals with second quartile

estimates.
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Table 3.3 Comparison of valid and invalid percent# estimates at sample level

Null Hypothesis Mann-Whitney U Kolmogorov-Smirnov
Test Test
Ho P-value P-value
Ovalid = Jinvalid 0.194 0.149
O1/4, valid= 91/4, invalic 0.413 0.444
G112, valid= 9172, invalic 0.412 0.704
O3/4, valid= 93/4, invalic 0.466 0.444
Avalid = invalid 0.249 0.299
/4, valid= A1/, invalic 0.284 0.567
a2, valid™= 8172, invalic 0.543 0.664
A3/, valid= A3/4, invalic 0.733 0.534
I'valid = Tinvalid 0.160 0.562
I'1/4, valid= T 1/4, invalic 0.290 0.444
F172, vatia= T 172, invalic 0.437 0.844
I'34, valid= ' 3/4, invalic 0.503 0.923

Next, the valid and invalid estimates are compatetie individual level. For the
random variablea andr, | found the same pattern as before, th& #% 5", and the
75" percentiles are lower in valid estimates as coetp#s invalid ones (Table 3.2).
Using the KS and MWU tests, | found that such areéisancy between valid and
invalid estimates is not statistically supportedviariablea, while it is for variable. In
particular, valid estimates of 9%ercentile I(14) are statistically lower than the
corresponding invalid ones (Table 3.4).

| found a different pattern for the varialgevalid estimates of the #5and 7%’
percentilesdi/s andgss) are greater than the corresponding invalid esémavhile
valid estimates of the §Q3ercentile @1/2) are lower than invalid ones (Table 3.2).
However, these results are not statistically suggpldoy the KS and the MWU tests

(Table 3.4).
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In general, the valid estimates are smaller thanrthalid ones in variable andr,
but greater in variablg. However, | note that the such discrepanciestatestcally
supported only for variable but not fora andg. For what concern r, mistakes appear
here to result in upward bias, and thus, failureetmgnize validity may thus result in an

overestimation of subjects’ average probabilisxipeztations.

Table 3.4 Comparison of valid and invalid percent# estimates at individual level

Null Hypothesis Mann-Whitney U Kolmogorov-Smirnov
Test Test
Ho P-value P-value
Ovalid = Jinvalid 0.890 0.842
G114, valid= 91/4, invalic 0.408 0.214
G112, valid= 9172, invalic 0.336 0.503
U314, valid= 9314, invalic 0.463 0.250
Avalid = Qinvalid 0.259 0.488
/4, valid= A1/, invalic 0.560 0.705
a2, valid™= 8172, invalic 0.206 0.278
A3/, valid= A3/4, invalic 0.933 0.928
I'valid = Tinvalid 0.002 0.035
F'1/4, valia= I 1/4, invalic 0.048 0.018
F1/2, valia= T 1/2, invalid 0.068 0.164
I'34, valia= '3/4, invalic 0.199 0.676

Factors shaping subjective probabilities

To further analyze the factors that explain sulsjgmtobabilistic expectations of
both the number of apples containing pesticidedtess and the fire blight’s infestation
rate, | estimate three empirical models. Key fac{see Table 3.5 for definitions)
considered are the subjects’ perceptions of climasage and farmers’ usage of

pesticides; their trust in science-based predistadvout climate change and fire blight’s
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infestation rate; their status of apple producerspple consumers; their socio-

economic features such as age, gender, placeidéneg, education, and income.

Table 3.5 Description of independent variables of iddel 1,2,and 3

Variable

Definition Mean

St.Dev.

Min

Max

VALID_S

VALID_IND_G

VALID_IND_A

VALID_IND_R

=1 if the observation is valid at sample 0.287
levef,
= 0 otherwise

=1 if the observation is valid at salap 0.375
leveP,
= 0 otherwise

=1 if the observation is valid at 0.325
individual level,
= 0 otherwise

= 1 if the observation is valid at 0.306
individual level,
= 0 otherwise

0.453

0.485

0.469

0.462

0

1

IPCC_TRUST

Trust in IPCC'’s predictions of 2.950
temperature and precipitation (at 5
levelsy

.545

CC_H&N

CC_H

CC_HH

=1 if the subject believes that the 0.600
climate change is due to both human

activities and natural processes,

= 0 otherwise

=1 if the subject believes that the 0.337
climate change is mostly due to human
activities,

= 0 otherwise

=1 if the subject believes that the 0.062
climate change is only due to human

activities,

= 0 otherwise

0.490

0.473

0.242

PEST_NOW

Subjects’ beliefs about the current usage3.200
of pesticides by farmets

0.994

PEST_FUT

Subjects’ beliefs about the future usage 2.912
of pesticides by farmefts

0.779

EMF_TRUST

Trust in EMF’s predictions of fire 2.587
blight's infestation risk in the futufe

0.685

CONSUMER

The number of apples consumed by the 3.700
subjects in a week

5.160

20

CONS_ASS

=1 if the subject belongs to a consumer0.062
association,
= 0 otherwise

0.242

APP_LINK

=1 if the subject is tied to apple 0.212
production, processing and marketing.
= 0 otherwise

0.409
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TRENTINO =1 if the subject resides in the Province 0.737 0.440 0 1

of Trento,
= 0 otherwise

AGE Age in years 33.625 13.213 19 68

FEMALE =1 if female, 0.436  0.4994 0 1
= 0 otherwise

SEC_SCHOOL =1 if the subject have this education  0.183  0.3895 0 1
level,= 0 otherwise

HIGH_SCHOOL =1 if the subject have this education  0.512  0.5035 0 1
level,= 0 otherwise

UNIVERSITY =1 if the subject have this education 0.300 0.4657 0 1
level,= 0 otherwise

INCOME The yearly net income in 2010 in 18.968 19.560 0.075 0.115
thousand €

2The observations valid at sample level belong&éar¢al incentive and random questions treatment
®| ask subjects whether IPCC’s predictions will happsurely, very likely, maybe, not likely, or
never.

°I ask people if they agree with the statement gptfiat farmers mostly use chemical control against
apple diseases, O=strongly disagree, 1=disagrem B¢t know, 3=agree, 4=strongly agree.

9| ask subjects whether FEM's predictions about lflight will happen surely, very likely, maybe,
not likely, or never.

Given that my dependent variables are all essénfralktions, | do not estimate
my models (Model 1, 2, and 3) by using a simple @kfmator, although many apply
the linear probability model to such data. Henese the Generalized Linear Model
(GLM) along with robust standard errors (Papke Afablridge, 1996). Observations in
80 groups are clustered because each subject preothicee different percentile
estimates (28 50" and 78 percentile) for each random variable under stgglg,(and

r), and these may be correlated.

The general empirical specification common to tire¢ models is:

Equation 3.1

Y, = B, + BVALIDITY , + B, ATTITUDE _ + 8,APPLE_LINK,
+ 3,SOCIOECONMIIC,
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In Model 1, the dependent variabig (s each subject’s estimates of the number
of days in which the infestation will occur duritige blossoming period in 203@)( in
Model 2, each subject’s estimates of the numbeappfes containing at least one
residue in a sample of 100 apples in 20804nd in Model 3, each subject’s estimates
of the number of apples containing multiple resigdua sample of 100 apples in 2030
(r).

In all models, I investigate the difference betwgald and invalid estimates in
terms of magnitude by creating two sets of dumnmmatdes. The firstVALID_S,
assumes value 1 if and only if the estimates did aathe sample level according to
the rules in Cerroni et al. (2012). The secdmdll.ID_IND, equals 1 if and only if the
estimates are valid at the individual level acaogdio the rule in Cerroni et al. (2012).
In Equation 3.1 these variable are grouped in ¢h@kvariables calleALIDITY.
Considering Model 24) and 3 (), the negative signs of both coefficients are =iast
with result from non-parametric testing which shitxat average valid estimates are
lower than invalid ones (see Paragraph 5.2). Howeatimated coefficients are not
statistically supported in either Model & pr Model 3 ) (Table 3.6). In contrast, in
Model 1, | found thaVALID_SandVALID_IND have positive signs, but their influence
is not statistical significant even in this casalfle 3.6).

The composition of the indicator varialA@ TITUDEused to explain the random
variableg stronglydiffers from that used to explain the other vamghh andr. For
what concerns Model ), ATTITUDEcaptures subjects’ trust in the IPCC’s
predictions about climate chandBCC_TRUST and their beliefs about the human
and/or natural determinants of this phenome@@ (HN, CC_HandCC_HH). In the
former case, | predict that the number of days hictv the infestation will occur during

the blossoming period in 203@)(increases when subjects trust the IPCC’ predistio
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because, during the instructions, | inform subjatisut the positive correlation

between the fire blight’s infestation rate and itterease in temperature and
precipitation. The coefficient of the variabRCC_TRUSThas the positive and
statistically significant expected sign (Table 316)the latter case, my results show that
subjects who believe that climate change is onk/tdthuman activitiesQC_HH)
perceive the infestation to be more likely thanjscts who blame the climate change
on both natural and human proces€eS (HN. These results are consistent with the
psychology literature about perceptions of riskahhinas shown that technology-
induced risks are strongly perceived by laypeaplere than nature-induced ones (e.g.,
Slovic, 1987).

For what concerns Model 2)(and Model 31), the set of variableATTITUDE
captures subjects’ beliefs about the current atdduwisage of pesticides to control
apple diseasd?EST_NOWANdPEST_FUY and subjects’ trust in Edmund Mach
Foundation’s predictions about the fire blight'sestation rateEMF _TRUST. As |
expected, the number of apples that respondemiis will contain pesticides increases
with subjects’ agreement on the fact that farmeagiy use pesticideEST_NOW
and they keep doing this in the futuREST FUT). However these results are
statistically significant in Model 3) (at 5% and 1% significance level), but not in
Model 2 @). Then, | hypothesize that the number of applegaining pesticide residues
in 2030 increases when subjects trust the EdmurchMaundation’s predictions
showing that the fire blight’s infestation rate hMisiicrease from the 1% of 2010 to the
17% of 2030. This hypothesis is supported by thstpe and significant coefficients of
the variableEMF_TRUSTin both Model 2 and 3, at 1% and 5% significareseel,

respectively (Table 3.6).
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The APPLE_LINKvariable set, which consists of three diverse dumamables,
APP_LINK CONSUMERandCONS_ASSs present in all models. In Model g) (
people who work in apple production, processing, marketing APP_LINK) provide
lower estimates of the number of days in whichfitteeblight’s infestation will occur
during the blossoming period in 2030 than the ath€his finding was quite predictable
because farmer and, more broadly, experts havier kaowledge of the actual low
infestation rate in the Province of Trento. Howevkis coefficient is not statistically
significant. As | expected, people who are tieth®apple industryAPP_LINK) have
generally higher estimates of pesticide residuegpples than others, and the positive
coefficient is statistically significant in Modeldghd 3 at the 1% and 10% significance
level, respectively (Table 3.6). In this case, farsnrand people who are involved in the
apple industry know much better than the othersdhamicals are commonly used to
control apple diseases.

While the fact that the number of apples consumeekly CONSUMER does
not affect estimates regarding the fire blight®station rated) is not surprising, it is
striking that this variable weakly influence thensamers’ perceptions of pesticide
residues in apples@ndr). The variable&C ONSUMERS negative and statistically
significant in Model 24) at the 5% significance level, but it is not sfgrant in Model
3 (r) (Table 3.6). In contrast, | found that members@misumer associations
(CONS_ASBwho are assumed to be very concerned about jpestesidues have
higher estimates of bothandr than the others (Table 3.6). The coefficient of thi
variable is positive and statistically significatl% and 5% level, respectively.

| have the same set of socioeconomic variable$ myamodels. Although |

found that womenHREMALE) have higher estimates as predicted in the liieeahbout
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risk perceptions (e.g., Flynn et al., 1994; Krewetkal., 1994; Lin, 1995; Hamilton,
1985; 1995), the coefficients are not statisticaifgnificant in all of my models.

| found contrasting results for the age of subjéatSE). For what concerng, my
results are consistent with the previous literaturdnealth risks (e.g., Krewski et al.,
1994; Williams and Hammit, 2001), as | found thidedy subjects have higher
estimates of the infestation rate than the otretrtheé 10% significance level). In
contrast, | found that the number of apples coirigipesticide residue decreases with
age in Model 24) and 3 () (5% and 1% significance level, respectively) (lEak.6).
This result may be due to the fact that youngesuoorers are expected to be more
sensitive to food-safety issues than older oneauserthey have all their lives in front
of them.

Again, | found contrasting results about educatiorModel 1 §), my results
support the hypothesis that more educated sul{lgbtB/ERSITY have lower estimates
of the infestation rate than the othe8&C_SCHOOQO)as suggested by Dosman et al.
(2001) and Williams and Hammit (2001). However indél 2 &) and 3 () | found that
people with a master degree have higher estimétgspbes containing pesticides than
people with lower education levels (5% significateeel) (Table 3.6). Again, this
divergence may be due to the fact that highly esghacaubjects are expected to be more
sensitive to food-safety issues.

Subjects who were born in the Province of Trentw/joled lower estimates of the
number of apples containing at least one pestigdielue 4§ than the others (at the
10% significance level in Model 2). | speculatetttieey may trust their fellow citizens
or unconsciously protect their own apple produ¢iswever, the same variable was not

statistically significant for what concern multigdesticide residue in Model B)(
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Finally, | found that subjects with higher incontesse higher perceptions of the
presence of pesticide than others, at least in Mb@s.

Among models which explain the perceptions of pet#s, Model 2 related to the
number of apples with one or more residwgsg more predictive than Model 3 related
to the number of apple with multiple residugs(Table 3.6). There are various
hypotheses that may explain the lower explanatovygp of Model 3. First, this may be
related to the discrepancy between valid and idvyaiobability estimates detected at
individual level for variable, second, boredom and fatigue may have mattereen gi
that half of the sample assessed the variahtehe end of the experiment, while in the

other half the order of questions has been randemiz

Table 3.6 Generalized Linear Model Estimation

Variable Model 1 (g) Model 2 (a) Model 3 ()
VALID_S .079 -.163 -.207
VALID_IND .060 -.084 -.228
IPCC_TRUST .266%** - -

CC_H -.196 - -
CC_HH .746* - -
EMF_TRUST -.070 .643* .355**
PEST_NOW - .082 122
PEST_FUT - -.001 .003*
APP_LINK -.564 .653* 4007
CONSUMER .018 -.044** -.005
CONS_ASS -1.077* 1.004* 541
FEMALE .018 .138 .092
AGE .01 1% -.024** -.020*
TRENTINO -.284 -.381*** .160
HIGH_SCHOOL -.469 234 .205
UNIVERSITY -1.097* 713 A42%*
INCOME .001 .001** .001
CONSTANT -1.118* -578 -1.161*
LOG P.LS -73.990 -83.265 -91.752

*1% significance level, **5% significance level, *10% significant level
8Log Pseudo-Likelihood
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In summary, the results of my econometric analysjgort many of the
predictions | had about the potential factors shgpieople’s perceptions of the fire
blight's infestation rate and the presence of peliresidues in apples, especially those
related to consumer association membership, ageg@uncation. Moreover, by using an
innovative approach, an economic experiment basexhandirect elicitation technique,
| have quite consistent results with previous ssdivestigating the same issues with
different techniques, and when | have not, | preyithusible explanations of these

discrepancies.

Conclusion

Elicited subjective probabilities are important dase they explain behaviors
under risk and uncertainty and thus, can be useadkroriented behavioral models that
incorporate them, such as the subjective expedikty model, or non-expected utility
models. In general, empirical results in previcwsles have indicated that consumers
have a high level of anxiety about such contammanfood. Using data elicited via an
indirect technique applied in a laboratory expenitnéhave shown that subjects are in
fact not very concerned about a general increapesifcide residues in apples at a key
policy-related future date, but are more concemtmslit the presence of multiple
residues in apples. These results have importdiaypmplications, given the fact that
consumers’ subjective probabilities of pesticidadaes in apples might affect their
purchasing behaviors and ultimately, prices andtjies transacted in fresh fruit
markets.

However, the main contribution of this essay cdssi$ investigating the
discrepancy between valid and invalid subjectivabpbilities. My results suggest that

valid estimates are smaller than the invalid ooesvhat concern the number of
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contaminated apples (varialdeandr), but greater for what concern the number of days
in which the fire blight’s infestation will occunithe blossoming period. However, |
note that the such discrepancies are statistisalhported only for variablewhich
indicates that number of apples that will containtiple residues.

My econometric analysis has investigated factoapisiy perceptions of pesticide
residues in apples and it provides other useformétion. For example, | found that
the average consumer in my subject pool is notquéatly concerned about this issue;
in fact their expectations about the presence stigide residue do not statistically
differ between apple consumers and non-consunrecaritrast, members of consumers
associations are very sensitive to the problenthegshow higher probabilistic
expectations. | also found that young and highlycated subjects are expected to be
more sensitive to food-security issues. These tehighlight, and enhance my
understanding of the factors affecting perceptimms, thus, shed light on consumers’
behaviors.

As a final caveat, note that my subjects were askesswer questions about
risky outcomes pertaining to a future policy perimdthe year 2030. It is possible that
subjects discounts the future differently than othdo, which could affect each
subject’s probability estimates. This suggestsrautesearch to try to simultaneously
estimate discount rates and subjective probalsilighin the context of the EM
approach that | have implemented here. To my kndydethus far no one has

considered the elicitation of both simultaneousithim the context of the EM.
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CHAPTER IV. THE INCORPORATION OF SUBJECTIVE PROBABI LITIES

INTO CHOICE EXPERIMENTS TO TEST SCENARIO REJECTION

Introduction

In the past two decades, several stated-prefe(@&@Restudies, mainly choice
experiment (CE) applications, have shown the kélyence that the specification of the
status quo (SQ) alternative has on subjects’ cHoat®vior, and thus, on estimated
welfare measures (e.g., Kontoleon and Yabe, 20€&;p@ and Ferrini, 2005; Meyerhoff
and Liebe, 2009). These studies largely focus erstienario rejection phenomenon that
occurs when subjects always reject new alternatremarios in favor of the SQ
(Cameron et al., 2010).

In essay investigates another phenomenon relatie tesign of the SQ
alternative, a potential mental adjustment to tQesSenario. Discrete choice’ modelers
have generally assumed that subjects make choigiés frlly accepting the attribute
levels provided by the researcher in the SQ, howeseent SP studies have shown that
subjects often adjust the information given in 86 on the basis of their prior beliefs
and/or expectations (e.g., Burghart et al., 20Gmneron et al., 2010). These studies
have shown that the scenario adjustment phenomaotentially affects the reliability
of SP studies because individuals may be respondiagribute levels that are not
actually present in the presented scenario. Thtlasiphenomenon is not taken into
account, behavioral models of decision-making migive low predictive power, and
produce biased welfare estimates.

My CE application examines whether the scenariasadjent takes place when

subjects are asked to make choices under riskjmpdsticular, what extent subjects
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adjust the risk information provided in the SQ bait prior subjective risk8
Subjects’ tendency to revise their own risk estesaince they acquire additional
information has been extensively investigated anliterature within the economics of
risk and uncertainty. Several studies have shoanhsihbjects commonly update their
prior subjective risks using new information, pgréian a Bayesian fashion (e.qg.,
Viscusi, 1985; Viscusi, 1989). However, the weitjfett an individual puts on their prior
versus new or experiential information is an engpirissue (Viscusi and Magat, 1992),
and whether individuals are Bayesians remains owvetsial (Cameron, 2005b; Baker et
al., 2009).

| specifically investigate to what extent a memtdjlustment to the SQ scenario
takes place in choices over alternative R&D progravhich are geared to control the
future spread of new apple diseases in the Prowh&eento in Italy. As compared to
the farmers’ standard practice, which is to us¢igids residues, the implementation of
new methods, based on natural organism and resistdaties of apples, will reduce
the number of apples containing pesticide resithye2030. This is the year during
which the spread of new diseases are predicteddar,caccording to the best scientific
estimates. Given the uncertainty surrounding R&Bgpams’ outcomes, the alternatives
presented in choice tasks depict the risk of hagmmgaminated apples in 2030. Here, |
refer to the “risk” of having contaminated applsglze probability that given numbers
of apples will contain pesticide residues in 203den this context, the scenario
adjustment might easily affect subjects’ choicesrdiie alternative R&D programs. In
fact subjects might either make choices by usiegptiovided probability of having
contaminated apples given by the researcher i&€heor, they might adjust the

provided estimates based on their estimates, iftiter differs from the former. This

% |n this Chapter, | switch to the term “risk” besalSP studies commonly use this term, rather thean t
term “probability”, for example the mortality riiterature. However, these terms are equivalerfadh
the mortality risk is just the probability of dying
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investigation also helps to identify risk communica strategies that make people more
willing to support policies that they may not iaity perceive as important based on
their priors.

Previous SP studies have investigated the occlerainhie scenario adjustment
simulating subjects’ choice-behavior and willingsits-pay (WTP) estimates under a
full acceptance of attribute levels presented @3KQ alternative (e.g., Burghart et al.,
2007; Cameron et al., 2010). However, as ex-past@uetric simulations may not
mirror real decision making processes, and, henee WTP estimates (Burghart et al.,
2007), in my study, | actually elicit WTP when theenario adjustment takes place and
when it does not. More specifically, | investigéte extent of this phenomenon in CEs
by comparing subjects’ WTP estimates when risklepeesented in the SQ alternative
either coincide or do not with subjects’ perceioees. In particular, | hypothesize that
when the presented risk levels are lower than @éggdeanes, subjects positively adjust
the information given in the SQ on their expectagicand, hence, they provide higher
WTP estimates. In contrast, when the presentedeiss are higher than expected
ones, subjects negatively adjust the informatimeigin the SQ on their expectations,
and, hence, they provide lower WTP estimates.

To investigate subjects’ choice behavior when tblelevel presented in the SQ
coincide with subjects’ perceived ones, | desigject-specific SQ alternatives based
on each subject’s subjective probabilities of hgwontaminated apples in 2030 if
farmers will continue to use conventional chemamaitrols. This study, to my
knowledge, represents the first attempt to incafeosubjective probabilities into a CE
design. In order to accomplish this, | implemebeat-worst Pivot CE. Pivot CE are
extensively used in transport economics to genetaigect-specific SQ alternatives

based on the information that each subject prowat@sit her/his most recent trip.
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Afterwards, attribute levels of other alternatiaee generated by pivoting them on the
attribute levels of the SQ alternative by addingulotracting given percentages or
values from the baseline attribute levels (e.gndter and Greene, 2003; Hensher and
Rose, 2007; Hensher et al., 2009).

To generate the subject-specific SQ alternativdgiestive probabilities that
given numbers of apples will contain pesticidedass in 2030 have been elicited using
the Exchangeability Method, an elicitation techmsjlbbased on the de Finetti’s notion of
exchangeable events (de Finetti, 1937; 1974a; )9T4is innovative method
indirectly elicits subjective probabilities by asgisubjects to play lotteries containing
uncertain outcomes occurring in the future (Bailld808; Abdellauoi et al., 2011,
Cerroni and Shaw, 2012; Cerroni et al., 2012a).

In the remainder of the essay, | first review poes finding about the concept of
a mental scenario adjustment. Next, | describeCthesurvey, provide testable
hypotheses, and present my discounted ExpectetlyUtileory driven models. In the
final section, | offer some conclusions based @netkperimental results that were

obtained.

Literature review
Realism and scenario adjustment

CE studies, and more broadly SP applications, gdlgenvestigate subjects’
choice-behavior in hypothetical markets that hasenbdesigned by researchers. These
techniques are extremely useful to investigatesiédmand for goods and services
which either are not yet in the market or do nateha market at all. The latter is the
case of my R&D programs. However, as subjects’ad®in such hypothetical markets

may or may not mimic their choices in real situasioa lot of effort has been put in
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designing SP investigations where hypothetical miarlippears as real as possible to
subjecté®. One way to create hypothetical, but realisticioh@ontexts, among many
other$? consists in designing a baseline scenario tHajests perceive to be real.
Recently, discrete choice research, much of wiidkeen in the field of transport
economics, has advanced knowledge on how to cansgalistic choice scenarios
(e.g., Adamowicz et al., 1997; Hess and Rose, 2009)

A lack of realism in characterizing the SQ alteiveg might undermine the
credibility of the study, inducing subjects to eags untruthful preferences and
researchers to infer biased estimates. This hasd®eessue in health, transportation,
and, other fields in economics, prevalently, in¢batext of choice under conditions of
risk. For example, despite the fact that, mangisgiprovide all subjects with the same
SQ alternatives in which an average science-bastedate of mortality risk due to a
given iliness is presented, these risks may depagréat deal on specific ages, gender,
and other factors. To overcome this issue, othest@ies have created group-specific
SQ alternatives in which mortality risk estimatepend at least on age and gender
(e.g., Krupnick et al., 2002; Alberini et al., 2006

Incorporating “realism” into SP is difficult, in ¢4 even supposedly realistic
baseline scenarios might not be credible to aljesiib. An extensive research within
psychology and, to some extent, in economics, basodstrated that subjective risk
perceptions widely differ from risks that subjectsrently experience in their life (e.g.,
Slovic, 1987; Botzen et al., 2009; Jakus et 809. It is easy to imagine that any
discrepancy between subjective estimates and seieswed ones becomes even larger
when future and uncertain outcomes are taken toumt (e.g., Cameron, 2005b;

Cerroni et al., 2012b).

21 This was one of the first recommendations for SEiss highlighted in the NOAA guidelines.
22 Another way consists in making CE incentive corifipatwhen the case study allows this.
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When subjects are presented with SQ alternativeseutisk estimates are not
consistent with their subjective estimates, theyehtiree main decision-making
strategies that they can adopt. First, they caargtheir own beliefs by assuming that
science-based estimates presented in the SQ aieraee right and credible. These
subjects essentially abandon any priors they hawing full weight on new risk
information they receive. Second, they can at Ipadially adjust the information given
in the SQ alternative on their own subjective eates. To be clear, they mentally adjust
the risk information provided in baseline scenamitetter fit their risk perceptions.
This phenomenon is becoming commonly known in itieegture as the scenario
adjustmen{Bughart, 2007; Cameron et al., 2010). Third, tgkims behavior to the
extreme, they can completely ignore the informapaovided in the SQ and make
choices according to their subjective estimatdses€ subjects essentially put zero
weight on new information, clinging to their priovhich might be based on some
personal knowledge or experience.

If the adjustment phenomenon occurs, the SQ usedlyects during their
choices differs from the one researchers consid#ra choice modeling. This might
generate confounding factors that researchersaraate to capture in their models,
and, therefore, compromise the accuracy of weHatenates (Cameron et al., 2010).

Two approaches have been identified to deal wighsttenario adjustment in SP
studies. Both rely on the collection of additiomdbrmation about subjects’ beliefs or
expectations of the levels in one or more keylaitgs that describe the SQ alternative.

The first approach investigates to what extensttenario adjustment affects
subjects’ choices and, hence, their welfare esémhy using simulations. In choice
models, the elicited information is interacted witility parameters to control for the

presence of the scenario adjustment. The estincafticients of these interaction
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terms indicate to what extent the adjustment tpkase. This information is commonly
elicited by using quite simple debriefing questiariich simply ask subjects what
would have been the SQ’ attribute levels that #vgyected to face in the choice tasks.
The fact that such questions are presented todslgéer they have taken their choices,
might have influenced their answers. For exammeaiant respondents might
formulate an estimate that is more in line with 8@’s attribute than their real prior.
This would reduce the effect of the scenario adjesit. Subjects’ choice-behavior and
WTP estimates under a full acceptance of the SQesieare ex-post simulated. By
using this approach, some stated choice studidmdedth risk attributes have
detected scenario adjustment and they have shawsutbstantial influence that this
phenomenon has on welfare measures (Burghart @08i7; Cameron et al., 2010).
However, as ex-post simulated choices might stgodgpend on the used econometric
specification, this approach might generate bigstinates of the effect that the
scenario adjustment produces on subjects’ behandMW TP (Burghart et al., 2007).

In contrast, the second approach aims to avoidd¢beario adjustment and all
related issues, rather than investigate this phenom This approach, developed in
transportation studies, relies on the design ofemealistic CE survey by using pivot
experimental designs (e.g., Hensher and Rose, 205%her et al., 2009). As SQ
alternative’s attribute levels provided by researstdo not generally coincide with the
trips that commuters often make to reach givenimsbns, in Pivot CEs, each subject,
in each choice task, is presented with a speci@aBernative where attribute levels are
based on her/his most recent commuting trip. Teger such a design, attribute levels
of the SQ are first elicited from subjects themss)\and, then, used to design the
attribute levels of the other alternatives presgimehe choice tasks. In particular, the

latter attribute levels are generated by addingarsilibtracting given amounts or
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percentages from the corresponding attribute leviédle SQ alternative. Unfortunately,
Pivot CE has been shown to induce subjects torsdieally prefer the realistic SQ
alternative over the hypothetical generated alteres (e.g., Hess and Rose, 2009; Rose
and Hess, 2009).

To my knowledge this approach has never been imgiéad in other field than
transportation, and, more important, has never bised to investigate risky choices.
However, since a long tradition in psychology (eSjovic, 1987), now spilling over
into economics, has shown that subjective risktemn better predictors of choice
rather than science-based estimates, Pivot CE rh@hsed for incorporating
subjective estimates into stated choice experimertigetter predict choices under
situations of risk. Despite the fact that econospistore than psychologists, have put a
lot of effort in incorporating subjective risks aninodeling behavior (see early work on
smoking decisions by Viscusi (1990); more recesdlg Mansky, 2004; Cameron,
2005a; Riddel and Shaw, 2006; Viscusi and Zeckhrad666; Botzen et al., 2009;
Jakus et al., 2009; Shaw et al., 2012), to my kedge, subjective risk estimates have

never been directly incorporated in stated choiegfgerimental designs.

Elicitation of Subjective probabilities

As this essay investigates whether the scenarisstdgnt takes place in a risky
choice context, the investigation of subjectivebatailities becomes crucial to
understand how subjects react to the risk inforomgpirovided in the SQ alternative. To
accomplish this, | need to elicit the subjectivelqability that given outcomes will
occur in the future.

There is an extensive literature in decision angalgad management science, now

spilling over into behavioral and experimental emoits, about the elicitation of
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subjective probabilities related to financial outws. Few has been done in other fields
(e.g., Viscusi, 1990; Wakker and Deneffe, 1996;r&@sarand Shaw, 2012).

In previous stated choice studies, subjective itiias have been commonly
elicited by using the so called direct techniquéscv consist in directly asking subjects
to express the probability that given outcomes @agtiur in the future (e.qg., Viscusi,
1990; Williams and Hammit, 2001; Riddel and Sha®)@&). Although the latter
approach is very appealing for its simplicity, iayngenerate biased results as subjects
are often not willing and/or able to express praliigds in numerical terms (Koriat et
al., 1980; Zimmer, 1983}

An alternative way for eliciting subjective problities consists in asking
subjects to play lotteries. In these techniqudteaandirect, probability estimates are
indirectly estimated at the point for which subgelbbecomes indifferent to choose
playing one lottery instead of the others (Spetated Stael Von Holstein, 1975).There
are many variations on this theffiebut a novel approach deserves to be mentioned, th
exchangeability method (EM). This elicitation tejue consists of a set of binary
questions in which subjects are asked to bet aioesitmount of money on one of the
two disjoint subspaces that come from the biseqiamition of the whole state space of
the variable under study. The sectioning procepsm#s on subjects’ betting-behavior,
and proceeds until subjects become indifferenetob one disjoint subspace rather
than on the other. When this point is reached,eatibjare assumed to perceive those
subspaces as equally likely (Spetzler and Von dolsti975). This method allows

eliciting several percentiles of each subject's wative distribution function (CDF) of

23 One might argue that, subjective probabilitiesidoneed to be elicited, but they can be inferrechf
subjects’ choices. Unfortunately, in this study #licitation of subjective probabilities is necaysto
investigate how subjects react when provided vigth information which differs from their prior risk
estimates.

4 To keep the essay of a manageable length weintézested readers to Cerroni et al. (2012a).
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the random variable under study. This approaclaigqularly appealing because
outcomes are not associated to probability measanes hence, unlike other
techniques, it does not force individuals to preamsmerical probability estimates (e.g.,
Baillon, 2008; Abdellaoui et al., 2011, Cerroni &itaw, 2012).

In Chapter 2, | have shown that the validity ofgegttile estimates elicited via the
EM depends on the ordering of questions and theig)om of monetary incentives to
subjects based on their betting-behavior duringakks® (Cerroni et al., 2012a). Here,
validity is tested using the de Finetti’s (1937jian of coherence, under which
subjective probabilities are valid if and onlyhiety obey to Probability Theory. On the
one hand, the ordering of questions affects validiitly when more than one percentile
estimates of the random variable under study écitesl, otherwise nét. This is due to
the fact that the number of binary questions ne¢dedicit the first percentile is so
small that subjects do not become aware of thenstganature of the elicitation
procedure. On the other hand, the provision of meatetary increases the validity of
elicited percentile estimates, for example, whemetary incentives are hypothetical
only 38 percent of the elicited first percentiléimstes are valid, while, when monetary
incentives are real the percentage of valid fiestpntile estimates is almost 50 percent
(Cerroni et al., 2012a). However, in Chapter 3avdishown that validity does not
impact the magnitude of percentile estimates, amtd, valid and invalid observations

do not differ from each other (Cerroni et al., 20112

%5 |n experimental economics, monetary incentivescaremonly provided as they are assumed to induce
subjects to state their real beliefs, expectationgreferences, at least, when incentive compatibl
elicitation techniques are used. Cerroni et al1g&) have rewarded subjects whose expectations were
consistent with science-based predictions as stiNgegrobabilities were elicited for outcomes octg

in 2030, too far in the future to wait their realion.

% Cerroni et al. (2012b) have elicited three peliteestimates for each of the three variables ey
investigated in their experiment. Each percenskingates of each variable was elicited by using a
specific block questions. In two experimental teaits these blocks of questions were randomized to
hide the chained sequence of questions.
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Objectives and testable hypotheses

In this essay, | develop a novel two-stage approadatvestigate the extent of the
scenario adjustment by comparing marginal WTP (Md®imates between subjects
who might potentially adjust SQ’s risk levels orithown estimates, and subjects who
might not. In the first stage, subjective probdieii that given outcomes will occur are
elicited, and, in the second stage, the samplglitsisto two treatment groups. In the
Subjective SQ (SSQ) treatment, the risk presemtdidle SQ is consistent to each
subject’s probability estimate, while in the ObjeetSQ (OSQ) treatment, it is not. The
0OSQ treatment group is further split into two otleb-groups. In one, the risk depicted
in the SQ is lower than each subject’s estimate({@®), while, in the other, it is
higher than that (OS§n).

This approach implies the incorporation of subjerprobabilities, elicited using
the EM method, into the CE’s experimental desigmusing the pivot approach. While
previous pivot CE applications have been commogduto generate SQ alternatives
which mirror the most recent trip that subjectsenaxperienced, my investigation
represents the first attempt of using pivot CEregate SQ alternative which are
consistent and coherent with subjective probaéditf future outcomes. To my
knowledge, this is also the first study using satiye probabilities elicited via the
exchangeability method to model subjects’ choideaveor.

In this essay, the scenario adjustment is investibhy testing the following

hypothese¥:

?" These hypotheses allows me to test the scengtistagent under the Expected Utility Theory
framework. In other non-standard theories of denishaking under risk and uncertainty, such as
Cumulative Prospect Theory and Rank Dependenttyiilieory, the reference point affects subjects’
choices.
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Hypothesis 1.

Ho: MWTRssqg > MWTRysg Low

Hi: MWT F%SQ< MWTPQSQ_LOW

If the null hypothesis (b} is rejected, subjects who belong to the QSR
treatment positively adjust the risk informatiomyided in the SQ on their estimates.
As they make choices having in mind SQ’s attridetels greater than those provided
in the SQ, their MWTP estimates are greater thasdlof subjects who belong to the
SSQ treatment. In contrast, if the null hypothé€slig is not rejected, subjects who
belong to the OSEw fully accept the risk information given by theeascher (i.e., no
scenario adjustment), or they negatively adjustigieinformation provided in the SQ

because they overreact to such information.

Hypothesis 2.

Ho: MWTPRsso< MWTRysq HigH

Hi: MWT%SQ> MWTPQSQ_H|GH

If the null hypothesis (b} is rejected, subjects who belong to the Q3R
treatment negatively adjust the risk estimate glediin the SQ on their subjective
estimates. These subjects have lower MWTP tharestgjvho belong to the SSQ
treatment because they unwarily generate in thiid msk estimates lower than that
presented in the SQ. In contrast, if the null higests (H) is not rejected, the scenario
adjustment does not occur, or it occurs in the sppdlirection (i.e., positive

adjustment) as they overreact to such information.
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The empirical application

This essay investigates people’s preferences hackfore, implies their
maximum willingness to pay (WTP) for R&D strategm®posed by the Province of
Trento to control new apple diseases. These dised#idikely develop in this region
by 2030, according to the best available sciencesXample is the fire blight, a
bacterial phytopathology that has already damagddk#led some apple orchards in
the Province of Trento, at least since 2003 (EMB&).

Farmers might need to use other new and more wieoesticides than ones
being currently used. For example, they might uiice the antibiotic streptomycin that
is currently forbidden by the Italian legislatidiyt which is already used in U.S.,
Germany, Belgium and The Netherlands for contrglfire blight (Németh, 2004). The
usage of the chemical control will affect the preseof pesticide residues on apples,
which is already quite high today. In fact, 63 aspbut of about 100 contain pesticide
residues, according to scientific data (Italian ltre®linistry, 2010).

Given the fact that pesticides pose health riskgetiple who eat apples, the
Province of Trento plans to launch R&D programsahitstudy, develop, and implement
alternative methods to control the future spreadest diseases. These programs are
based on both the identification of natural orgarsighat are antagonists of causal
pathogens, and the development of resistant vesiefi apples that will be unaffected
by new diseases. The introduction of these new odsthvill have a positive effect on
the number of apples containing pesticide residu20B0. Such R&D programs are
funded thanks to a specific tax that the ProvirfcErento will ask the population to pay

an annual sum in the period between 2012 and%2030

8 Subjects might object the tax as they might belignat farmers should pay for R&D programs.
However this risk is avoided as agricultural R&dgrams are commonly supported by public funds in
the Province of Trento.
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Methodology

My survey differs from conventional SP, and, esaicirom previous CE,
studies. After introducing the empirical scenadstibjects, another section in which
subjective probabilities are elicited by using BM is added (Baillon, 2008, Abdellaoui
et al., 2011; Cerroni et al. 2012a). Afterward,jsats’ preferences for alternatives R&D
programs aiming to reduce the risk of having comated apples in 2030 by using a
best-worst pivot CE are elicited. In this sectithre sample is divided into treatment
groups, each presented with a specific version®fIE which differs from the others in
the design of the SQ alternative, and, more spadlyj in the risk of having
contaminated apples in 2030 presented in the SEnative.

Below, | describe my empirical application of theclkeangeability method and
the best-worst pivot CE as well as the samplingcgdore and my experimental

treatments.

Exchangeability Method

In my application of the EM, the random variablelenstudy &) is the number
of apples, produced in the Province of Trento thi#ltcontain pesticide residue in 2030
if farmers will control the spread of new diseabgsusing pesticides. Only the 50th
percentile of each subjects' CDF is elicitagyj. In the first step of the EM, subjects are
asked to express the lower and upper bounds ofttite space of variable (S,),
defined asamin and amax These bounds contain all outcomes that have azemn
probability to occur. For example, if subjedielieves thag; =70 anda; ma=86, then,
she/he implicitly assumes that only outcomes betantp this range will occur.

In the second step of the EM, subjers asked to answer a series of binary
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questions that reveal thepercentile of the her/his subjective CR¥1(). In the first
binary questionS,is divided at a poind; into two prospects, sady={ aminr<x<a;} and
Ar'={ a1=X<amag, Whereay={ amirt[(@maxamin)/2]}. To my subject, & 1={70+[(86-
70)/2]}=78 apples, and, thus, the first binary questiors &sk/him to bet on prospect
A;={70<x<78} or prospect,'={78<x<86}. If prospecth; is chosen by the subjecthe
implication is that she/he believes the probabiityccurrence of the sub-evehtis
greater than that of the sub-evéat so thatP(A;)=P(A;’) and a; 1=a; 12, and thus,
P(70<x<78)= P(78<x<86) and 7& a; 1». This process is repeated until subjeaches
a valuea; 1+, (with z=1,2,...n) such that she/he is indifferent betweern, andA;-, .
When this point is reached, it follows tH¥{A;+,)=P(A1+,) and a; 1/,=a; 1+, For
example, assume that subjeuatas indifferent between prospéegt.,={70<x<74} and
prospect; ., ={74<x<76}, this implicitly means tha®(70<x<74)=P(74<x<76) and
a 1/2= 74. To conclude, my subjecbelieves that there is 50% chance that the nuwiber
apples containing pesticide residue will be betwA@ g min) and 74 & 1/2), and another
50% chance that it will be between &4.(,) and 86 & may. For simplicity's sake, at the
end of the task, subjects presented with a summary screen-shot in whi¢shieas
informed that, based on her/his choice-behaviergtis 50% chance that the number of
apples containing pesticide residues will be&4), at the worst, and another 50%
chance that it will be 86{may, at the worst. As a check, each subject is asked
confirm her/his estimafé

In this application, binary questions are not rand®d and monetary incentives
are not provided to subjects based on their chiogtevior. While the ordering of
guestions does not matter in this study as ondy fiercentile estimates are elicited, the

lack of monetary incentives might have undermirrexivalidity of elicited observations

%9 The majority of our subjects confirmed estimatgierired from their choice-behavior.
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(Cerroni et al., 2012a). Nevertheless, in ordetdsign a coherent survey, given the
hypothetical nature of the choice context presemtéde CE, a hypothetical version of
the EM is implemented. The choice context is ireig hypothetical because R&D
programs’ outcomes will be available only in 20B@wever, as Cerroni et al. (2012b)
have shown that validity does not affect the maglatof percentile estimates elicited
via the EM, here, | assume that, being elicitect@etile estimates coherent or not with
probability theory, they still mirror subjects’ eeqtations about the number of apples

that will contain pesticide residues in 2630

Best-worst pivot choice experiment

After having interviewed 34 subjects during threeus-group meetings, three
key attributes were selected to describe the effeitte R&D programs on the presence
of pesticide residues in appiésThese are:

(i) the maximum number of apples containing pedéiciesidues in a sample of a

hundred in 2030N),

(ii) the probability of this numbeX occurring P), and

(iii) the yearly tax in euro that taxpayers of ti@vince of Trento must pay in

the period between 2012 and 2030 if they want R&ypmams to be launched in

2012 ).

In the CE application, each subject is presentéd 92 choice tasks, containing

each three alternatives. Using the best-worst @gpr,csubjects are asked to select the

30 Although, in this study, | did not investigate tredidity of elicited subjective probabilities, treaware
of the fact that subjects’ choices based on valiiiavalid probability measures might differ fromah
other. This could be another interesting topicetgearch on.

%1 Focus-group meetings were conducted on July 4, 23th. 2011 at the Department of Economics,
University of Trento (Italy).

95



most and least preferred alternatives in each ehagk. In this application subject can
choose to indicate first either their most preféroe least preferred alternative. If
subjects indicate first their most preferred alétire, then they are asked to indicate
their least preferred alternatives. In contrastuibjects indicate first their least preferred
alternative, then they are asked to indicate theist preferred alternatives. The main
advantage of using best-worst CEs is in the aviithabf more data from each subject,
enhancing the value of small samples. If subijjéxipresented with a choice task
containing a set of alternativ@sl can assume that sheftigoses her/his most
preferred alternative in each #fl sequential choice tasks, each containing one
alternative less than the previous choice taskrffacat al., 2010). Another advantage of
the best-worst approach, as compared to ratingmpls ranking, is that subjects can
more easily and consistently identify extreme ampio terms of preference. In contrast,
they are more cognitively demanding than standaaice experiment where subjects
are asked to indicate only their preferred alteveatMarley and Louviere, 2005;
Vermeulen et al., 2010).

In the SQ alternative, no R&D program is launchgdha Province of Trento
and, thus, farmers will control new diseases bgypg new pesticides in 2030. Given
the very long time-horizon for events to evolves ttumber of contaminated apples in
2030 cannot be known with certainty, thus the Séxd¢dike a lottery which consists of
two prospects, Prospect A and B. In Prospect Agtigea given chand®Na s that the
maximum number of contaminated apples in 2030lv@MNa sg in Prospect B, there is
a given chanc®(Ng sq = 1- P(Na sq that the maximum number of contaminated
apples in 2030 will b&ls so As any R&D program is implemented, there is nottax

pay in the SQ alternative (Table 4.1).
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Table 4.1 Attribute levels for the SQ

Attribute Prospect A Prospect B
Maximum number of apples containing pesticide Na,so Na,so
residues in 2030

Probability of occurrence P(Nas9 1-P(Nas9
Yearly tax to pay in the period 2012-2030 0€

As noted above, in addition to the SQ, which allewbjects to reject the other
alternatives in favor of the baseline scenariojestib are presented with other two
alternatives in every choice task. In these alteres, the Province of Trento will
launch an R&D program to develop new methods tdrobnew disease in 2030. Such
methods will reduce the number of apples contaipesticide residues in 2030, as
compared to the baseline scenario depicted in halrnative. In this case, not only
the very long time-horizon, but also the uncertanefated to the effectiveness of R&D
programs, makes an estimate of contaminated apgplesuncertain. Hence, each
hypothetical alternative presented in each chaisk is a lottery which consists of two
prospects, Prospect A and B. In Prospect A, theegegiven chance(Na rep) that the
maximum number of contaminated apples in 2030lveNa rep; in Prospect B there is
a given chanc®(Ng rep) =1- P(Na rep) that the maximum number of contaminated
apples in 2030 will b&ls rep= Ng,so As R&D programs will reduce the presence of
pesticide residues in apples, and, tNWgeo<Na so, | have generated three levels for
Na rep DY using the pivot approach, and more specificttly following algorithms,

Na.so—40%,Na so— 60%, andNa so— 80% (Table 4.2). On the other hand, as the

effectiveness of R&D programs is highly uncertaing, thusP(Na rep) <P(Nasq and

1-P(Na rep)21-P(Na rep), | created the pivoted four levels 8¢Na rep) by using the
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following algorithms,P(Na sq - 0%, P(Na sq - 50%, P(Na sq —80%,andP(Na sq —
90% (Table 4.2).
Given that R&D programs are implemented, hypotla¢tdternatives implies

that tax-payers of the Province of Trento must @apecific tax to financially support

such programs. The selected levels for the tabatée (T) were the following, 15€

30€ 50€, and 80€ (Table 4.2). These levels were deteuinio be appropriate based on

previous related studies, as well as taking intmant focus group participants’

opinions and expectations about R&D programs aenl tosts.

Table 4.2 Attribute level for R&D plans

Attribute Prospect A Prospect B
Maximum number of apples containing pesticide Np so—40% Ns.so
residues in 2030 Na,sqo— 60%

Na sc —80%
Probability of occurrence P(Nasg — 0% 1-[P(NasQ — 0%)]

P(NasQ —50% 1-[P(Nasq —50%)]
P(NasQ —80% 1-[P(Nasq —80%)]
P(Nasd) —90% 1-[P(Nasc) —90%)]

Yearly tax to pay in the period 2012-2030 15€
30€
50€
80€

In this study, | used B-efficient homogeneous pivot design that has been
generated through a two-step procedure. In thediep, by running a pre-test CE
survey? prior coefficients of my attributes were estimatadd, then used to generate a

D-efficient design. Given my 3%4actorial design of my pre-test study, | have

%2The pre-test CE survey was conducted in the pérad November 14th and 19th, 2011. The sample
consists of 80 randomly selected subjects in tlo@iRce of Trento. Subjects weirderviewed by
appointment in their own home.
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generated a simple optimal orthogonal design vath blocks of 9 choice tasks by
using Ngene 1.1.1. Reference levels and segmeghtg&iof my homogeneous pivot
design were obtained by examining the median péleastimates of the number of
apples containing pesticide residues in 2030 elicia the EM by Cerroni et al.
(2012a¥*. A homogeneous pivot design was chosen, rathaerdteeterogeneous one,
because the former allows us to generate a sirglgml that can be used for all
individual-specific SQ alternatives. As subjectsefghe same experimental design
whatever treatments they belong to, confoundintpfaaue to the use of different
designs across treatments are avotdéche final design was generated again by using

Ngene 1.1.1.

Experimental treatments and sampling procedure

The final sample consists of 797 taxpayers whaleesi the Province of
Trento’®. Data were collected by trained interviewers usheycomputer-assisted
personal interviewed (CAPI) system which consisti&ce-to-face interviews usually
conducted at respondents’ home or business vidabpopersonal computer. Data
obtained from each subject were automatically storea central computer. Hour, date
and place for the interviews were previously areghlgy phone calls during which
interviewers ascertain themselves that subjects teapayers living in the Province of
Trento.

The Subjective SQ (SSQ) treatment group consisi8défsubjects randomly

selected from the full sample of 797 people, ard@bjective SQ (OSQ) treatment

*Reference levels define the number of individuaesfic SQ alternatives, while segment weights defin
the number of subjects that fall in each referdacel. Weights are needed to calculate the AVC imatr
of the design (ChoiceMetrics, 2011).

* This is a quite standard procedure, even thouigmiot perfect. The best would be to elicit SQ’
attribute levels and generate an orthogonal degtigm, based on subjects’ choice in each choide tas
progressively generates an efficient pivot designmy knowledge, this has never been done yet.

* The number of simulate respondents was 500, th#batof Halton random draws was 800.

% The survey was conducted in the period betweenaigr24th and March 12th, 2012.
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group has 310 randomly selected subjects. To emsun@arability across treatments
the same sampling procedure was used across graops specifically, a stratified
proportional sampling for what concerns age andufaion of the Province of Trento's
eleven valley¥.

In the Subjective SQ, each subjes presented, with a SQ alternative (No
R&D Program) which specifies the risk of having taminated apples in 2030,
presuming that farmers will control new diseasasgishemicals. The risk is elicited
from her/him by using the exchangeability methdde Bubjective SQ consists of a
lottery containing two risky prospects: in Prosp&cthere is a 50% chandteat the
maximum number of contaminated apples in 2030k@MNa so= & 1/2, the 50th
percentile estimates of each subject's CDF. IngeaisB, there is a 50% chance that the
maximum number of contaminated apples in 2030@MNg so= & max the 100th
percentile estimates of each subject's CDF. Réwat] as the SQ implies that no R&D

Program will be implemented, there is no tax to feaysubjects (Tables 4.3 and 4.6).

Table 4.3 Choice Task 1 for subjectin the SSQ treatment

R&D Program X R&D Program Y NO R&D Program
Prospect Prospect Prospect Prospect Prospect Prospect
A B A B A B

Maximum number of
apples containing _ 0 _ ) _ , .
pesticide residues in ai,l/Z_SOA) Qi max a,1/2'40 % Qi max al/2,| a1,max
2030
Probability of 0%  90%  25%  75%  50%  50%
occurrence
Yearly tax to pay in the 15€ 50€ 0€

period 2012-2030

%" The Province of Trento is administratively dividedL1 valley communities.
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In the Objective SQ treatment, each subjestpresented in the SQ alternative,
with a probability of having contaminated apple2080 assuming that farmers will
control new diseases using chemicals, and thisgibty differs from the one she/he
expressed through the EM.

Subjecti was assigned to one treatment subgroup, rathertéhize other, based
on her/his 50th percentile estimaégsf,) that has been previously elicited by using the

EM. In fact, if subject$s 50th percentile estimate falls between 76 and pplea

(76<a;12<100), she/he belongs to the $Q treatment, while if it falls between 50 and

74 apples (58a 1/,<74), she/he belongs to the Q&) treatment.

This “splitting” rule which aims to generate thersasample size across
subgroups was defined using experimental resultSdsyoni et al. (2012a) about the
number of subjects who have the sam® Bércentile estimates of the numbers of
apples containing pesticides in 2030. The religbdf this approach is supported by the
fact that both treatment groups consists of 15%estd Unfortunately, this procedure
may have affected the composition of my subsamplesh, in this study, should be
similar across treatment groups, as key socioecanaamiables likely affect
willingness to pay for R&D programs. Fortunatelgying data on these variables
allows control via additional econometric modelifig.detect variables that must be
included in the choice models to control their efffen WTP, a very simple logit
selection model will be run as you will see below.

In the Objective SQw treatment, if subjects 50th percentile estimate falls

between 76 and 86 apples £26,/,<86), the SQ alternative’s prospect A reports that

there is a 50% chantleat the maximum number of contaminated apple®802vill be
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Nasg=65, which is lower than 50th percentile estimatesach subject's CDR(i/2),
while prospect B informs the subject that thera % chance that the maximum
number of contaminated apples in 2030 willNagsg=75, which is lower tharthe 100th

percentile estimates of each subject's C&f(). In contrast, if subjeci&s 50th
percentile estimate is between 88 and 100 app&%(8,<100), in Prospect A,

Nasa=75 apples will be contaminated, at the worst, Bl chance, in Prospect B,

Ng.s3=85 apples will be contaminated, at the worst, BB chance (Table 4.4 and

4.6).

Table 4.4 Choice Task 1 for subjectin the OSQ ow treatment

R&D Program X R&D Program Y NO R&D Program
Prospect Prospect Prospect Prospect Prospect Prospect
A B A B A B
gf'aﬁggucrgnrt‘;i’:i?]er of  6580% 75  6540% 75 65 75
ggt'c'de resid egs in or or or or or or
pestici idues i 75-80% 85 75-40% 85 75 85
2030
Probability of 0%  90%  25%  75%  50%  50%
occurrence
Yearly tax to pay in the 15€ 50€ 0€

period 2012-2030

In the objective SQcH treatment, if subjectés 50th percentile estimate falls

between 50 and 66 apples £86,,,<66), Prospect A reports that there is a 50% chance

that the maximum number of contaminated apple®802vill beNa so=75, which is

higher than 50th percentile estimates of each stibJEDF & 12), and Prospect B
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informs that there is a 50% chance that the maximumber of contaminated apples in
2030 will beNg s3=85, which is higher thatihe 100th percentile estimates of each

subject's CDFgjmay. On the other hand, if subjedts50th percentile estimate is

between 68 and 74 apples £88,,,<74), in prospect ANa so=90 apples will be

contaminated, at the worst, with 50% chance, irsjpect B Ng so= 100 apples will be

contaminated, at the worst, with 50% chance (Td8eand 4.6¥.

Table 4.5 Choice Task 1 for subjectin the OSQygy treatment

R&D Program X R&D Program Y NO R&D Program
Prospect Prospect Prospect Prospect Prospect Prospect
A B A B A B

Maximum numberof 75 0% 85 7540% 85 75 85

ggt'c'de resid egs in or or or or or or
203(') ! iaues | 90-80% 100  9040% 100 90 100
Probability of 10%  90%  25%  75%  50%  50%
occurrence
Yearly tax to pay in the 15€ 50€ 0€

period 2012-2030

¥ Two diverse SQ alternatives were designed for ebpéctive SQ treatment groups because of the deep
uncertainty surrounding scientific predictions loé number of apples containing pesticides in 2636e
Province of Trento.
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Table 4.6 Summary statistics

Summary statistics of variables in the Subjective @ treatment

Variable N. Obs. Mean St. Dev Min Max
SQ R&D SQ R&D SQ R&D SQ R&D SQ R&D

Na 5,844 5,844 76.480 30.590 6.530 12.813 64 13 98 59
Ns 5,844 5,844 87.188 34.874 9.710 14.863 66 13 100 60
P(Nyp) 5,844 5,844 0.5 0.225 0 0.175 0.5 0.05 0.5 0.5
1-P(Na) 5,844 5,844 0.5 0.775 0 0.175 0.5 0.5 05 0.95
T 5,844 5,844 0 43.750 0 24.337 0 15 0 80
REDD 5,844 17,012.320 11,103.230 5,000 120,000

Summary statistics of variables in the Objective SQ,y treatment

Variable N. Obs. Mean St. Dev Min Max
SQ R&D SQ R&D SQ Ré&D SQ Ré&D SQ R&D

Na 1,860 1,860 68.290 27.316 4.699 11.338 65 13 75 45
Ns 1,860 1,860 78.290 31.316 4.699 12.948 75 15 85 51
P(Na) 1,860 1,860 0.5 0.225 0 0.175 05 0.05 0.5 0.5
1-P(Np) 1,860 1,860 0.5 0.775 0 0.175 0.5 0.5 05 0.95
T 1,860 1,860 0 43.750 0 24.341 0 15 0 80
REDD 1,860 25,870.970 19,022.490 5,000 120,000

Summary statistics of variables in the Objective S@IGH treatment

Variable N. Obs. Mean St. Dev Min Max
SQ R&D SQ R&D SQ R&D SQ R&D SQ R&D

Na 1,860 1,860 87.967 35.187 5.134 14.539 75 15 90 54
Ns 1,860 1,860 97.967 39.187 5.134 16.155 85 17 100 0 6

P(N,) 1,860 1,860 0.5 0.225 0 0.175 0.5 0.05 0.5 0.5
1-P(N,) 1,860 1,860 0.5 0.775 0 0.175 0.5 0.5 0.5 0.95
T 1,860 1,860 0 43.750 0 24.341 0 15 0 80

REDD 1,860 25,451.610 13,931.760 5,000 120,000

Modeling, estimation, and welfare measures
Selection Model

To identify variables that affect the compositiohmy treatment groups, and,
therefore might potentially influence WTP estimat&erred from my choice models, a
simple Logit selection model is estimated whereptubability of belonging to the SSQ
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treatment group rather than to the other treatnumgends on a set of variables
indicating the socioeconomic status and attitudesubjects. This set contains variables
that the literature in food choices under condgiar risk has shown to be relevant in
explaining subjects’ behavior such as subjectsithahat lead to consuming the good
under study, consumer association membership, yaite, being a parent or
grandparent, and other standard socioeconomicblasisuch as age, gender, education,
residence, income and having a life insurance.

To investigate whether these variables also affeetprobability of belonging to
the OSQow rather than to the OSQu treatment group, the equality of logit
coefficients estimated for both treatment groupteséed by using a Chi Squared Test.
Individual data about such variables have beeitadidy using debriefing questions at
the end of the survey. All these explanatory vdeslare described into detail in Table

4.7.

Table 4.7 Summary statistics of variables includet the selection model

Variable Description  N.Obs. Mean St. Min Max
Dev.
SSQ =1 if the subject belongs to the this 797 0.611 0.487 0 1
treatment; 0 = otherwise
OSQow =1 if the subject belongs to the this 797 0.194 0.396 0 1
treatment; 0 = otherwise
OSQiicH =1 if the subject belongs to the this 797 0.194 0.396 0 1
treatment; 0 = otherwise
APPLE Number of apples eaten in a week 797 4.500 3.992 0 20
C_ASS =1 if member of a consumer 797 0.136 0.343 0 1
association; O=otherwise
PEEL =1 if the subject peels apples before 797 0.438 0.496 0 1
eating them; = 0 otherwise
PROD =1 if apple producer, = 0 otherwise 797 0.100 0.300 0 1
FAM Number of family members 797 3.504 1.291 1 7
CHILD =1 if the subject has children,=0 797 0.711 0.453 0 1
otherwise
GCHILD =1 if the subject has grandchildren, =0 797 0.249 0.433 0 1
otherwise
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FEM =1 if female, = 0 otherwise 797 0.498 0.500 0 1

AGE Age in years 797 46.436 14.878 19 75
SC_PRI =1 if the respondent have this 797 0.326 0.177 0 1
education level;= 0 otherwise
SC_SEC =1 if the respondent have this 797 0.084 0.277 0 1
education level;= 0 otherwise
SC_HIGH3 =1 if the respondent have this 797 0.183 0.387 0 1
education level;= 0 otherwise
SC_HIGH5 =1 if the respondent have this 797 0.503 0.500 0 1
education level;= 0 otherwise
UNI =1 if the respondent have this 797 0.168 0.374 0 1
education level;= 0 otherwise
PHD =1 if the respondent have this 797 0.028 0.167 0 1
education level or higher;= 0 otherwise
INC Yearly net income 797 20,376 14,192 5,000 120,000
LIFE =1 if the respondent have a life 797 0.166 0.373 0 1
insurance;= 0 otherwise
NON =1 if the respondent lives in Non 797 0.115 0.319 0 1
Valley;= 0 otherwise
SOLE =1 if the respondent lives in Sole 797 0.031 0.174 0 1
Valley;= 0 otherwise
GIUD =1 if the respondent lives in 797 0.066 0.249 0 1
Giudicarie Valley;= 0 otherwise
ADIGE =1 if the respondent lives in Adige 797 0.318 0.466 0 1
Valley;= 0 otherwise
GARDA =1 if the respondent lives in Garda- 797 0.083 0.279 0 1
Ledro Valley;= 0 otherwise
GRINA =1 if the respondent livesin 797 0.160 0.366 0 1
VallagrinaValley;= 0 otherwise
A_SUG =1 if the respondent lives in Alta 797 0.095 0.293 0 1
Sugana Valley;= 0 otherwise
TESINO =1 if the respondent lives in 797 0.056 0.230 0 1
BassaSugana Valley;= 0 otherwise
FASSA =1 if the respondent lives in Fassa 797 0.020 0.140 0 1
Valley;= 0 otherwise
FIEMME =1 if the respondent lives in Fiemme 797 0.032 0.177 0 1
Valley;= 0 otherwise
PRIM =1 if the respondent lives in Primiero 797 0.018 0.139 0 1

Valley;= 0 otherwise

Discrete Choice Modeling
Unlike most CE applications, here, | do not uséaadard Random utility model
(RUMSs) which assume that decision makers are ceafaout their choices. In contrast,
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as my subjects are asked to make choices overidsité implement an Expected
Utility Theory (EUT) driven model which assumestthabjecti makes a choice over
alternatives, with = 1,...,J, by using a utility maximization ru2 Like RUMs, my
models also assume that the utility that subjettaches to each alternatjvs
decomposed into two pardé,s; that is the part of the utility observed by thesigasher,
ande; s that is the one cannot be observed by the reseasththatUi; = Vi + «ij.
While researchers can modg|, they can only make assumptions of the distribution
thate;; follows.

The EUT approach, following von Neuman and Morgemms{1947), assumes that
subjects have rational preferences over lotterimsplying risky outcomes, with n=

1,..,N. An outcome is risky when it occurs with a giveolmbility, P&,)<1, such that

N
Z P(xn): 1. Under the EUT (in discrete form), the utilitylofteryL is described as
1

follows:

Equation 4.1

U(L)= 2P0,

As described above, in each choice task, eachduligees three alternatives

and, in turn, each alternatiyelepicts a lottery involving two risky prospects. |

% Here, | could refer to EUT when | model choiceddmin the Objective SQ treatments, where lotteries
described in choice task's alternatives contaibaipdities given by the researchers, thus, objectiv
probabilities. In contrast, | could refer to SEUTem | model choices made in the Subjective SQ
treatments, where the lottery presented in the [&Pnative contains subjective probabilities e&ditvia

the exchangeability methods. However, given thiéties presented in the other alternatives contai
probabilities that have been designed on the ledisiach elicited probabilities, but are not purely
subjective, | prefer to refer to the EUT.
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Prospect A, there is a probabilB{Na ) that the maximum number of contaminated

apples in 2030 will b&la;, and in Prospect B the probabilRyNs )= 1-P(Na)) that the

maximum number of contaminated apples in 2030lv@lNg. In each alternativg

subjecti is asked to pay an annual tay,(i.e. a tax that is paid in each year

n={1,...,N}over the period between 2012 and 2030. Each yesatdx [) is taken away

from each subject’s yearly incom@&C)*, so that, the parametdNC; — T;) enters in

the conditional indirect utility function. Givenighframework, the discounted utility

(Ui, ) that subject attaches to alternatiyas the sum of the utility that she/he attaches

to Prospect AW 4 j) and the utility that she/he attaches to ProsBgbV g ):

Equation 4.2

Ui :VV|,j,A +Vv|,j,B +Yi,j t&

(]
where:

Equation 4.3

1-ry

N

W, .= P(NA’J)x[ﬁO’j + B xﬁ+ Bunc,;

Equation 4.4

1-ry

NET
W,e= [1‘ P(NA,j )]x[ﬁo,j + B xﬁ

N

(INC, =T,)*
1- Finc

J] XZN; (1+15)n

(INC, = T,)"™e
ING,j %
1- Fine

9| assume the income to be constant over the pbeosleen 2012 and 2030.
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In the model presented above, the parangitierthe alternative specific constant
related to each alternatiy€As it is evident in Equation 4.3 and 4.4, | invgate the
presence of an unobserved between-subject hetaibgéar the coefficienpy ;. After
having tested diverse distributional forms (norn@normal, SB Johnson), the
triangular distribution was chosen to model thisd@m parameter. To my knowledge,
only a few CE studies have modeled a random paearmadaited to risky outcomes.
Glenk and Colombo (2011) investigated the riskagife of environmental policies
aiming to store carbon dioxide in the soil, anda isecond study, by Hensher and Li
(2012) the risk of being late for a trip is cons@t and both studies allow for some
heterogeneity in the model via a random paramigtietestingly, both previous studies
also used a constrained triangular distributiorttieir random parameter
distribution§™.

Ther parameters included in the modelingandrnc, generally measure the
utility function’s curvature, and, in my EUT framevk, these terms correspond to
coefficients of constant relative risk aversion A. Linear-in-income specifications
assume all subjects are risk neutral, which mightoe desirable in modeling. Recently,
risk attitudes have been empirically shown to hatext-dependent (Riddel,
forthcoming), hence, | estimated two different CReb&fficient here, one for the
contaminated apple outconmg)and the other for the income outcomgd).

Otherwise, the usual assumption is that risk pegiegs are consistent across sources of
risk. More specifically, the parametgraccounts foa subject’s risk attitude with
respect to the number of contaminated apples irfratibowls in 2030, while the

parameteryc represents the subjects’ risk attitudes with resfmeincome. The CRRA

“1| did not need to constrain my triangular disttibos as we did not have the issue of having sashe r
parameter positive.
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coefficient’s specification used in my model hasrextensively implemented in
economic experiments investigating risk attitudepreferences for monetary or
financial outcomes (e.g. Andersen et al., 200682000 my knowledge, only Glenk
and Colombo (2011), and Hensher and Li (2012) laéready incorporated the CRRA
specification | used here to model utility functsan CE studies. Others take into
account the utility function’s curvature by incorpting exponential or log
specifications of the monetary/income attributerf@eon, 2005a; Riddel and Shaw,
2006).

As noted above, my subjects are asked to pay #&yyearin the period between
2012 and 2030, and thus, my model incorporatearalatd financial rate of discouit,
The estimated coefficient of this parameter prosideneasure of the discount rate that
subjects used in their temporally dependent chdegs, Burghart et al., 2007).

The vectorY;; consists of all socioeconomic and variables thaestimated
selection model has shown to affect the composididneatment group. They are
incorporated in the model to control their potdritiluence on subjects’ choice-
behavior and, hence, on their MWTP estimates. &aterdifferences in utilities over
alternatives, each of these variables is normaliaextro when it is associated to the SQ
alternative (Train, 2003). More specifically, thesgiables indicate subject’s apple
consumption habitAPPLES, consumer association memberst@p AS$, job typology

(PROD), age AGE), gender FEMALE), and life insurance takekIFE).

Estimation procedure and welfare measures
As noted above, in each choice task, subjectsskedao state their best and least
preferred alternatives in a set of three altereaiivsayj, 2, andjs. Such a preference

elicitation procedure allows me to obtain a fullkang of the alternatives from the best
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preferred to the least preferred, for exampleyldjscti choose$; as the best preferred
andjs; as the least preferred alternative, | might asstinae to subjedts first, second,
and third best arg, j», andjs, respectively. Given that, | might assume thajestb
made her/his chooses sequentially, in the sensshbéhe first choosgsin asset of
three alternativesj{, j, j3}, and then, she/he chooses the alterngtive a set
containing the remaining two alternativgs {3}. Assuming this decision-making
procedure, | have estimate models presented abousiihg a standard “exploded”
MMNL, where the probability of occurrence of eaanking option is obtained as

follows:

Equation 4.5
Vi Vi
e e

zev” + Zev”

i=i1d20s ISIPNE

P[ranking(jl, J2s j3)] =

In my investigation, for risk reduction relatedth® presence of pesticide residues
in apples MWTP are estimated using the followingcsiication, which of course

follows from marginal rates of substitution:

Equation 4.6

ou,, oU,; U, .
MWTP= R -
ON,; ONg, d(INC, -T))

This specification implies that the MWTP for risgégduction is the following:
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Equation 4.7

{(PA,J x N, )+l(1_ Pai )X Ng !
,8| >((INCi _Tj)_rwc

MwTP= Ph

Results
Selection Model

Results obtained from both the estimation of mytlsglection model and the
related Chi Squared Test suggest that the composifithe SSQ treatment group
differs from that of the other treatment groupstact, the probability of belonging to
the SSQ treatment rather than to the other tredtgrenps depends on several
socioeconomics and attitudinal variables. In catirlne probability of belonging to the
OSQowrather than to the OS24 treatment is affected by only a few key parameters
(Table 4.8 and 4.9).

Specifically, subjects who consume many appd2RLE), have large families
(FAM), and have large incomd&(C) more likely belong to the OSQw and OSQicH
rather than to the SSQ treatment than the otheiontrast, parent€HILD) and life
insurance takerd (FE) more likely belong to the SSQ treatment tharh®odthers.

Note that parent€JHILD) have a higher probability of belonging to the Q&Q rather
than to the OSQw. Older subjectsAGE), grandparents (GCHILD), and high educated
subjects $C_SECSC_HIGH3 SC_HIGHS5 UNI, PHD) more likely belong to the
OSQow rather than to the SSQ treatment than the otAérhe coefficients on these
key variables are statistically significant (Tall8 and 4.9). Other variables barely
affect the composition of my treatment groups (€ahB and 4.9).

Note that these differences would prove fatal aoaventional experiment that

112



uses ANOVA tests of differences between randomgygagd treatment groups, but,

here econometric models are used to additionaltyrobfor these influences.

Table 4.8 Logit Selection model

Baseline: SSQ OSQw OSQuicH

Variable Coefficient St. error Coefficient St. error
APPLE 0.210* (0.031) 0.220* (0.032)
C_ASS -0.113 (0.338) -0.270 (0.398)
PEEL -0.331 (0.229) -0.012 (0.226)
PROD 0.246 (0.384) 0.055 (0.453)
FAM 0.346* (0.098) 0.474* (0.099)
CHILD -1.406* (0.320) -0.583*** (0.317)
GCHILD 1.271* (0.346) 0.320 (0.363)
FEM 0.235 (0.227) 0.104 (0.224)
AGE 0.024** (0.011) 0.018 (0.012)
SC_PRI - - - -
SC_SEC 3.226** (1.503) 15.689  (1031.826)
SC_HIGH3 3.410** (1.472) 14.973  (1031.826)
SC_HIGH5 3.987* (1.479) 16.136  (1031.826)
UNI 4.710% (1.506) 16.751  (1031.826)
PHD 4.152* (1.621) 16.713  (1031.826)
INC 0.001* (0.001) 0.001* (0.001)
LIFE -0.973* (0.349) -1.570% (0.407)
NON - - - -
SOLE 0.581 (0.642) 0.474 (0.815)
GIUD -2.472%* (1.080) 1.161* (0.563)
ADIGE 0.245 (0.372) 0.451 (0.481)
GARDA -0.103 (0.484) 0.558 (0.566)
GRINA -0.099 (0.437) 0.706 (0.519)
A_SUG -1.571%* (0.641) 0.785 (0.534)
TESINO -1.354 (0.839) 1.542* (0.588)
FASSA 0.899 (0.718) -15.772  (1616.718)
FIEMME -0.190 (0.649) -0.521 (0.926)
PRIM -16.068 (1545.315) 1.276*** (0.769)
CONS -8.733* (1.678) -22.112  (1031.458)
LL -544.123
PSEUDO R 0.250

*1% significance level; **5% significance level; *10% significant level
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Table 4.9 Chi Squared Test for comparing coefficiels of the OSQ, ow

and the OSQy,gH treatments

2

Null Hypothesis (Hy) X

APPLE(OSQow)= APPLE(OSQich) 0.460
C_ASS(0SRw=C_ASS(0OSQcH) 0.150
PEEL(OSQow)= PEEL(OSQch) 1.440
PROD(0OSQow)= PROD(OSQcH) 0.180
FAM(OSQow)= FAM(OSQycnH) 1.131
CHILD(OSQow)= CHILD(OSQyich) 5.370**
GCHILD(OSQow)= GCHILD(0OSQycH) 5.890**
FEM(OSQow)= FEM(OSQyich) 0.240
AGE(0OSQow)= AGE(OSQicH) 0.240
SC_PRIM(OS®@w)= SC_PRIM(OSQcH) -
SC_SEC(0SQw)= SC_SEC(0OS@:H) 0.000
SC_HIGH3(0S@w)= SC_HIGH3(0SQicH) 0.000
SC_HIGH5(0S@yw)= SC_HIGH5(0SQicH) 0.000
UNI(OSQow)= UNI(OSQyich) 0.000
PHD(OSQow)= PHD(OSQyicH) 0.000
INC(OSQow)= INC(OSQycH) 0.020
LIFE(OSQow)= LIFE (OSQyich) 1.790
NON(OSQow)= NON(OSQicH) -
SOLE(OSGw)= SOLE(OSQicH) 0.020
GIUD(OSQow)= GIUD(OSQycH) 10.390***
ADIGE(OSQow)= ADIGE(OSQycH) 0.180
GARDA(OS@w)= GARDA(OSQcH) 1.230
GRINA(OSQow)= GRINA(OSQ ) 2.230
A_SUG(0S@Qw)=A_SUG(0OSQicH) 10.990***
TESINO(OS@w)= TESINO(OSQicH) 10.900***
FASSA(OSQRw)= FASSA(0SQaH) 0.000
FIEMME(OSQow)= FIEMME(OSQycH) 0.130
PRIM(OSQow)= PRIM(OSQich) 0.000
CONS(OS@w)= CONS(0OSQicH) 0.000

*1% significance level; **5% significance level; *10% significant

level
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Discrete choice models

By using a mixed multinomial logit (MMNL) estimatigorocedure, three
discounted Expected Utility Theory (EUT) models eséimated, one for each treatment
group, the Subjective SQ (SSQ model), the Objedioxe SQ (OSQow model), and
the Objective High SQ (OSQw model).

As a quick preview of my estimation’s results,réfinote that my models perform
better when applied to subjects who belong to tB® &eatment rather than to the
sample members of the OSQ ones. In fact, whil&S®® model provides coefficients
which are in line with findings from previous enipal studies, the other models do not.
This may suggest that subjective probabilitiestatter predictors of subjects’ choices
than probability estimates provided by researchiérs may be due to the fact that,
when subjects are provided with SQ’s probabilityaswees which differ from expected
ones, they adjust the former on the latter (Tadl@}

In all the specifications, coefficients of altelimatspecific constants related to
R&D programsx andy (fasc_repx@ndfasc_repy are positive and statistically
significant. As R&D programs are generic and unllae these coefficients do not
diverge much within the same model, althogigbc renxS always barely greater than
Pasc_repy(Table 4.10). This result suggests that subjemtsistently prefer R&D
programs rather than the SQ alternative, even linare presented with a pivot
experimental desigtailored on their expectationMany transportation studies have
shown that pivot CEs induce subjects to prefelSQerather than other alternatives
(scenario rejection or status quo effect). Thisnaimeenon is likely due to the fact that
SQ is based on their experience, while other hygiathl alternatives do not (i.e., they
are designed by the researcher) (Hess and Ros@). 208w, given that SQ alternatives

in my pivot CE are not designed on real experiehaépn probabilistic expectations

115



about future outcomes, subjects likely perceiveSeas much hypothetical as the
other alternatives, and, hence, they do not hayeeason to systematically prefer the
SQ.

In my modeling, | investigate the presence of ueoled between-subject
heterogeneity in the coefficient of the variabl€sy) which indicates the number of
contaminated apples in 2030. Unobserved heteroyaraietected in all the models.
The estimated meaygiy,) of such distribution is always negative andistaally
significant, while the estimated standard devia{fgg) is always lower than the
estimated mean, indicating that each subjétfmrameter is negative (Table 4.10). This
means that the probability of choosing one altéveatather than the others increases
when the number of contaminated apples decreasege\tér, as the impact of the
variableN on subjects’ choices in the OSQ models is much ddiaan in the SSQ
model, | conclude that when subjects are presenittbdSQ’s risk levels that diverge
from their expected ones, the models have a relgtlow explanatory power (Table
4.10).

The coefficient of the terfNC-TAX (finc) indicates the net yearly income: the
annual income left after having paid the yearlyitathe period between 2012 and 2030
for having a R&D program. The yearly income remaimact if the SQ is chosen.
Estimated coefficients are negative and statidyicalall specifications, and, thus, the
probability of choosing an alternative increasegmthe amount of money to pay
decreases (Table 4.10).

In all the models, the coefficieny is negative and statistically significant,
meaning that subjects are overall risk loving webpect to the number of contaminated
apples. Specifically, subjects who belong to th® %% moderately risk-loving in the

SSQ (n=-0.535), while others are extremely risk loving=-2.410 in the OSQwand
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(rn=-3.550 in the OSQRsH model). The information given by the researcheahaSQ
alternative appears to have a huge impact on dshjek preferences (Table 4.10).
This result is consistent with previous empiridaldses which have shown that the way
of framing outcomes of a gamble strongly affectgjects’ risk preferences. In
particular, if outcomes are framed as a loss, stbjgecomes risk seeking, while, if
outcomes are framed as gains subjects are riske¢elg., Kahneman and Tversy,
1979; Tversky and Kahneman, 1981; Kanheman andsKyet984). In this application,
the fact that attributhl is clearly framed as a loss (number of contamahafgples out

of 100 apples) likely induces subjects to “seele tiealth risk: i.e., they prefer riskier
gambles in this dimensiéh

The coefficientyc is positive and statistically significant, meanthgt subjects
are overall risk averse with respect to the incoftlesubjects are moderately risk
averse in income, whatever group treatment theynigeto ¢;nc=0.297 in the SSQ,
rne=0.054 in the OSQw, and rinc=0.197 in the OSQeH model) (Table 4.10).

The coefficient that indicates the financial discount factor thatbjects use
during their choices, is statistically significamtly in the SSQ modeb(=0.460). This
suggests that subjects in the SSQ treatment gtoayesa discount factor of about 46%,
while, on average, other subjects have a discaatdf which is not significantly
different from zero (Table 4.15)

Other socioeconomic and attitudinal variables timduence subjects’ choice-
behavior and, hence, their MWTP estimates wererparated in the models to control
for potential differences in the subsamples. Theadables only partially affect

subjects’ choice behavior.

21t is likely that if the random variable underdyuwvas the number of free-pesticide apples (g#ie),
subjects were risk averse.

3t is quite possible that for long-term decisioti® average person’s discount rate is in faceclos
zero, meaning that they value the future the sabheapresent.
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More specifically, my results indicate that appd@sumers and members of
consumer associations more likely agree to paR&D programs when they are
presented with their probability estimates in tis§positive and statistically
significant signs foAPPLESandC_AS$ however, they more likely refuse R&D
programs and, thus, they stuck on the SQ whenfeeya risk information which is not
consistent with their expectations (negative aatistically significant signs for
APPLESandC_AS$%(Table 4.10). Apple producers are consistentiyatant to pay for
the implementation of R&D programs in all specifioas (negative and statistically
significant signs foPROD) (Table 4.10). This may be due to the fact thay therceive
pesticides to be more efficient controls than nocganisms or resistant varieties in
handling apples disease.

Gender affects choices in SSQ model but not irothers, in particular women
are less willing to financially support R&D prograrthen men (negative and
statistically significant sign foFEMALE). In contrast, elderly subjects’ choices appear
to be motivated by something like altruism towdtsire generations, in fact, they are
more willing to pay for R&D programs than young gdbs, at least in the OSQ models
(positive and statistically significant sign for &p(Table 4.10). Having a life insurance
policy may be an indicator of risk preferences, limrely affect subjects’ choices (Table
4.10f“. Although all potential variables that might affémod choices, according to the
related literature, are incorporated in the modglithe discrepancy in behavior might

be still affected by my failure to identify omittedriables.

“4Variables indicating family size, children ageueation and residence were introduced in the models
but they did not significantly affect choice-behavat all.
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Table 4.10 Mixed Multinomial Logit estimation of discounted

EUT models

SSQ OSQow OSQyiH

ASC_R&DL 0.318* 0.632** 1.54*
(0.106) (0.314) (0.222)

ASC_R&D 0.278* 0.546%*** 1.28*
(0.0928) (0.276) (0.187)
N_z° -0.0014* -2.07e-6* -8.85e-08*
(3.22e-05) (4.80e-08) (2.04e-09)
N_¢° 0.0007* 1.72e-06* -1.81e-09*
(0.000206) (2.05e-07) (1.22e-10)

rn -0.535* -2.410* -3.550*
(0.0822) (0.109) (0.0139)

INC 0.257* 0.036*** 0.209**
(0.0951) (0.0211) (0.103)

I'ine 0.297* 0.054*** 0.197***
(0.0185) (0.0351) (0.0493)

0 0.460** 0.919 6.91
(0.219) (0.793) (1.80e+308)

APPLE 0.076* -0.150* -0.220*
(0.0117) (0.0163) (0.0186)

APPLE, 0.080* -0.148* -0.194*
(0.0115) (0.0149) (0.0170)

T _CON 0.344* -0.228 -0.322
(0.0874) (0.156) (0.206)

T _CON 0.309* -0.294%** -0.488*
(0.0849) (0.156) (0.142)

PROD -1.12e-05* -1.76e-05*** -1.11e-5**
(1.62e-06) (2.88e-06) (5.29e-06)

PRODy -1.24e-05* -1.66e-05* -8.80e-6
(1.80e-06) (2.95e-06) (5.63e-06)

GENDER -0.150* -0.074 -0.233
(0.0558) (0.110) (0.142)

GENDER -0.250* -0.108 -0.135%**
(0.0560) (0.107) (0.0727)

AGE¢ -0.001 0.008** 0.008**
(0.000254) (0.00396) (0.00394)

AGE, -0.001 0.010* 0.005
(0.000317) (0.00392) (0.00373)

LIFEx 0.335 0.383** -1.71
(0.0740) (0.171) (1.80e+308)

LIFEy 0.267 0.259 -0.488*
(0.0743) (0.168) (0.142)
LL(0) -10,471.042 -3,332.673 -3,332.673
LL(B) -8,399.744 -2,471.542 -2,700.016
Rho 0.198 0.258 0.190
N 11,688 3,720 3,720

*1% significance level; **5% significance level; *10% significant level
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Willingnessto pay

Mean yearly MWTP estimates (per taxpayer) for agimat reduction in the risk
of having contaminated apples in 2030 are estimateeach treatment group by using
the formula in Equation 4.7 presented atfavEhis equation implies that MWTP
estimates depend on both the number of applesinorgaesticides in 203N rep
andNs rep) and the probability of this amount occurrii ksp andPg rep) presented
in the risky prospects of R&D programs. In theimtuas a pivot experimental design is
used,Na rep, Ns rep, Parep, andPs rep depend on the SQ alternative that each subject
faces, specifically, on both the number of apptegaining pesticides in 2030 so
andNg sq and the probability of this amount occurrift 6oandPs sq. Finally,

MWTP estimates also depend on both each subjezdyincome INC;)and the yearly
tax to pay in order to get the R&D program impleteenTrep).

Given this framework, several MWTP calculations barundertaken. However, |
focus on those which allow me to investigate thenado adjustment by testing
Hypothesis 1 and 2 presented above. In particuanly estimate MWTP that are
comparable across treatment groups, more spebfis@lVTP that relates to SQ
alternatives which present subjects with the saskg prospects whatever treatment
group they belong to. More specifically, | havearasted MWTP related to the
following SQ alternatives: SS£3-50%,75-5096) OSQ ow(65-50%,75-5006) SS Q@75-500,85-500)

OSQ ow(75-50%,85-509%) OSQUIGH(75-50%, 75-50%), S S Qao-50%, 100-50%) @and, finally, OSQicH(go-
50%,100-5006) FOr example, the S50, 75-50%1S the estimate from subjects who belong
to the SSQ treatment group and face a SQ altematiwhich there is 50% chance to
have 65 contaminated apples (Prospect A) and 5@#icehto have 75 contaminated

apples (Prospect B) (Table 4.11).

S MWTP is constant over time, and, hence, can besagded over time.

120



Given the fact that MWTP estimates depend alsdemnisk reduction that each
R&D program produces, here, MWTP are inferred aldadifferent risk reduction
scenarios out of the 12 available for each selest@alternative. These reduction
scenarios are the following:
i.  Naso— 40% withPa so-90%, andNg sowith 1-(Pa.sq-90%)
ii.  Naso— 40% withPa so-0% chance, anlg sqwith 1-(Pa sq-0%)
ii.  Naso— 80% withPa so-90%, andNg sowith 1-(Pa so-90%)

iv. NA,SQ— 80% WithPA,SQ-O% Chance, anNB,SQWith 1-(P/_\,SQ -O%)

For example, considering the S&3os,75-5006fhese risk reductions are:
i. 39 bad apples with 5% chance, and 75 bad applle®9©5% chance
ii. 39 bad apples with 50% chance, and 75 bad apjle$0% chance
iii. 13 bad apples with 5% chance, and 75 bad appile®5 chance

iv. 13 bad apples with 50% chance, and 75 bad apile $0% chance

Finally, because MWTP estimates involve an incoffexe the estimates are
assessed by assuming that the average or typigjaicsinas a yearly income equal to
€50,000 and that the R&D program yearly costs €30.

Inferred yearly MWTP estimates per taxpayer aréequasonable. The MWTP
ranges from €0.01 to €1.39 in the SSQ treatment) €0.17 to €2.79 in the O%&Y,
and from €1.26 to €24.97 in the OQ& (Table 4.11). A previous study which has
investigated subjects’ preferences for reducindtheesks due to pesticide residues in
Northern Italy, has found a MTWP per householdrpenth of about €0.48 (lower
bound €0.01 and upper bound €0.87) (Travisi ankaxijp, 2008).

In each treatment, when the number of contaminapgdes increases in the
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prospects of the SQ alternative, then MWTP estrf@ta given risk reduction
increases. For example, MWTP of a subjected predemith SS@y,100)for a risk
reduction i (equal to 0.139) is greater than MWTR subject who faces S%&kss)
(equal to 0.126) (Table 4.11).

Second, in each treatment, when the probability given reduction in the
number of contaminated apples increases, then MidrBases. For example, MWTP
of a subject presented with S0, 75-500:f0r a risk reduction ii (equal to 0.179) is
greater than that for a risk reduction i (equad.thl6) (Table 4.11).

Third, in each treatment, when the reduction inrtheber of contaminated
apples increases, being the probability of the ¢edn constant, then MWTP decreases.
For example, MWTP of a subject who face $5€3,75-50%f0r a risk reduction i (equal
to 0.179) is greater than thata risk reduction iii (equal to 0.096) (Table 4.1This is
due to the fact the subjects are risk loving wibpect to the number of contaminated

apples.

Table 4.11 Marginal willingness to pay for risk redictions

SQ Nysg40% 0.05Npsg-40% 0.50Nas-80% 0.05N,s0-80%  0.50

Na.so 0.95 Ng.so 0.50 Ngso 0.95 Ngso 0.50
SSQes 509 750%) 0.118 1.179 0.096 0.963
OSQ ow(es.50%.7:50% 0.204 2.048 0.172 1.720
SSQye 50 8-50%) 0.126 1.265 0.103 1.032
OSQ ow(re.50% 8-50%! 0.278 2.787 0.232 2.237
OSQuieH(7=-50% 8:-50% 1.392 13.928 1.263 12.636
SSQoc.50%,10050% 0.139 1.385 0.113 1.129
OSQuieH(9c-50% 10650%) 2.497 24.971 2.250 22.504
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Hypothesis testing

Hypothesis 1 is tested by comparing MWTP infermeanf subjects who face
SSQ65-50%,75-509%) OSQ ow(65-50%,75-5006) SSQr5-500,85-5006) OS Q ow(75-500,85-500) ON the
other hand, Hypothesis 2 is tested by comparing N\Wiferred from subjects
presented with SS&.509,85-5006) OS QuicH(75-50%, 75-50%), S S Qoo-50%, 100-500) aNd, finally,
OSQuicH(90-50%,100-500) MY hypotheses are tested by using a simple Tedtle 4.12).

Testing Hypothesis 1, | reject the null hypothelsat MWTPs for given risk
reductions provided by subjects who expected S€kslevels equal to those presented
in the SQ (SSQ treatment) are higher than or epueW TP estimates inferred from
subjects who expected SQ’s risk levels higher thase given in the SQ (OS&v
treatment) (at the 1% significance level). | codeuhat subjects do not fully accept the
information given in the SQ, but they positivelyjusl this on what they expected.
Subjects in the OSQw treatment groumake choices by using a risk of having
contaminated apples greater than the risk usedlyjgds in the SS@eatment, and,
hence, the former group has higher MWTP for rigslkuctions than the latter group.
These results are consistent across diverse wdsictiens (Table 4.12).

By testing Hypothesis 2, | fail to reject the nojipothesis that MWTP estimates
for risk reductions inferred from subjects who extpd SQ's risk levels equal to those
given in the SQ (SS@eatment ) are lower than or equal to those obthfrom subjects
who expected SQ’s risk levels smaller than thossgmted in the SQ (O%QH
treatment) (Table 4.12). In this case, | expectdgexts who adjust the information
provided in the SQ on their expectations (Q&@tment) to have lower MWTP for risk
reductions than the others. In fact, subjects shoebatively adjust the information
given in the SQ, on their expectations. In confraisbjects who belong to the OS&x

treatment have higher MWTP than the others. Suelsw@t is consistent across diverse
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risk reductions (Table 4.12). | might speculatd,tihidnen subjects find in the SQ risk of
having contaminated apples substantially highdrttiey expected, they might feel
some sort of alarm that induce them to irrationply more than what they would have
paid if this information was not given. This woudd consistent with the alarmist

learning theory by Viscusi and Magat (1992).

Table 4.12 One sided t test for comparing marginakillingness to pay

Ho Naso-40% 0.05 N sg-40% 0.50 Na sg-80% 0.05 Nj 50-80% 0.50

Na.so 0.95 Ng so 0.50 Ngso 0.95 Ng so 0.50
MWTP_ SSQs.5056.75-50%6) -368.302%*  .360.561%**  -385.725%*  .383.320%*
>

MWT P_ OSQOW(GS—SO%JE-SO%‘,

MWTP_ SSQs.5006,85-50%) -487.493*** -487.225%** -497.112%** -499.776***
>

MWT P_O SQOW(75-50%,85—50%]

MWTP_ SSQs.5006,85-50%) -12,999.920  -12,991.150  -14,327.540  -14,324.360
<

MWTP_ OSQIIGH(75—50%,85-50%‘,

MWTP_SSQuo.5096,100-50%) -19,730.590  -19,736.340  -21,247.120  -21,183.070
<

MWT P_ OSQI IGH(90-50%,10(-50%

*1% significance level; **5% significance level; *10% significant level

Conclusions

In this essay, | investigated to what extent theado adjustment occurs in
choice experiments by using an innovative two-stgg@oach that relies on the
comparison of willingness-to-pay estimates obtaiinedifferent treatment groups. In
the first, subjects are presented with a statusatfeonative where the risk of having
contaminated apples in 2030 is consistent withr gdjective estimates, while, in the
second, they are presented with a status quo alteenwhere the risk of having
contaminated apples in 2030 is not consistent thigir probability estimates.

To implement this approach, | incorporated subyectirobabilities, elicited via a

novel approach such as the exchangeability methtmdmy choice experiment’s design
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by using a pivot experimental design. As previdasesl-preference investigations have
only introduced subjective probability estimategaonometric modeling, but never
into their choice context designs, this investigaintroduces a new way to investigate
the role of subjective probabilities on choice hebia

My discounted Expected Utility Theory model predichoice behavior of
subjects who belong to the first group quite wehjle it poorly explains choices of
subjects who belong to the second groups. Thidiglgk that subjective probabilities
strongly affect the decisions under conditionsisif,rand that risk information has a
strong impact on choice behavior.

| found that subjects when provided with risk thed lower than perceived ones,
adjust attribute levels on their expectations, exyress marginal willingness to pay for
risk reduction higher than those that they wouldeharovided taking choices by using
status quo’s risk information. In contrast, sulgegho face a risk of having
contaminated apples higher than the expected anegtdnegatively adjust attribute
levels on their expectations, but, they, driversbgne sort of panic, overreact to this
information and irrationally pay more than whatytheould have paid if they fully
accepted the SQ’s information.

My investigation has shown that information prowd®y researchers in the
status quo alternative substantially affects subjeboices. This might have very
crucial policy implication, in the sense that fic&i support for public policies might
be driven by the strategy used to communicate n&vrmation, in this case risk
information. This is not necessarily a bad thilog,example, stated-preference studies
might become very helpful in identifying the moffeetive way to communicate risk
information that makes people willing to supporligies that are not perceived to be

important yet.
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CHAPTER V. CONCLUSIONS

My dissertation has considered the influence ofexiiive probabilities on choice-
behavior, in particular, the influence that subjecprobabilities of having
contaminated apples have on preferences for R&Qrpros that will improve apple
safety in the future.

This work has contributed to the literature in fadwbices in two ways. First, an
innovative indirect elicitation technique such las Exchangeability Method (EM) has
been used to elicit probabilities related to foatcomes. Unlike direct elicitation
techniques, commonly used to investigate subjegtigbabilities in stated-preference
studies, the EM does not ask subjects to expregsrbability that given outcomes will
occur in the future, but infers probability estiesat the point for which subjects
become indifferent to bet a certain amount of mamew given outcome rather than on
an alternative one. In particular, the main EM’satage is that it does not force
individuals to process numerical probability estiesa The presumed superiority of this
elicitation technique has been explored by tedtwegnternal validity of subjective
probabilities elicited via the EM in an artefacttiald experiment.

Second, subjective probabilities have been incatedrin the experimental
design of a stated-choice technique to test to wki@nt subject adjust the risk
information provided by researchers in the status aternative on their probabilistic
expectations. This dissertation has representefirgha@ttempt to incorporate subjective
probabilities into the design of stated-choice expents to investigate subjects’
behavior under conditions of risk.

In the first essay, experimental results suggestttie EM is not necessarily
incentive compatible because chained questionstrmdhbce subjects to strategically

behave when associated with monetary incentiveaddiition, results show that
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incentive compatibility determines the validitysafbjective probabilities elicited via
the EM. In fact, subjects are more likely to pravidalid subjective probabilities when
they are rewarded with real monetary incentivesgedented with experimental
designs where the chaining is hidden through aquéatt randomization of the
questions.

In the second essay, my experimental results shatwalid subjective
probabilities elicited via the EM do not significgndiverge from invalid ones, and,
hence, internal validity does not affect the actnanitude of subjective probabilities.
This suggests that failure to recognize validitgsloot imply an over- or
underestimation of consumers’ probability estimates

In the third essay, the occurrence of the sceraaljiostment was detected by using
an innovative approach which implies the incorporabf subjective probabilities into
the design of my CE. Results suggest that wherestshare provided with risk levels
that are lower than their subjective estimatesy #tgust the former on the latter, and
provide marginal willingness to pay estimates #rathigher than those that they would
have provided under fully acceptance of the stqtusalternative. In contrast, when
subjects are presented with status quo alternatiwich risk levels are higher than
their subjective estimates, they do not negatiaelyst the former on the latter, but,
motivated by a sense of alarm, they overreactd¢b an information and provide
marginal willingness to pay estimates that aretgraaan the ones they would have
expressed if they fully accepted the status quoao® The latter result is in line with
the alarmist learning theory developed by Viscusi Blagat (1992). These results
might have very interesting policy implicationsthey suggest that stated preference
investigations might be used to identify risk conmeation strategies that efficiently

inform subjects about the true magnitude of risks.
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APPENDIX A
Example 1. First question of the Exchangeabiligni@ for the variable g
| prefer to bet 100€ on the fact that the numbetayfs of April in which thdire

blight infestation will occur with certainty in 2030 is:

O O

smaller tharg,’ greater than or equal tg,?

20={ 0o + [(9:-00)/2]}

Example 2. First question of the Repeated Exchatnlily Game Test for the
variable g,
| prefer to bet 100€ on the fact that the numbedayfs of April in which thdire

blight infestation will occur with certainty in 2030 is:

O O
greater thangys greater than or equal ta/,
and and
smaller thargy; smaller thangsy,
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Example 3. A question of the Certainty Equivaleéame for g,
In each of the following question, do you prefeptay the lottery presented in

Option A or do you prefer to take the amount of mppresented in Option?

Option A Option B

O O 0€

: . - . O o 25€
You win 100€ if the number of days of April in vehi

thefire blightinfestation will occur with certainty in O O 49€
2030 isSMALLER THAN gi/2

O O 51€

0€, otherwise
O O 75€

O O 100€

In each of the following question, do you prefeptay the lottery presented in

Option A or do you prefer to take the amount of mppresented in Option?

Option A Option B

O O 0€

. ) . . O o 25€
You win 100€ if the number of days of April in vehi

thefire blightinfestation will occur with certainty in O O 49€
2030 isGREATER THAN OR EQUAL TQgs/,

O O 51€

0€, otherwise
O O 75€

O O 100€
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APPENDIX B

Let G} be disjoint events with = {1,.., n} andj = n andS; be a sample space,
then:

Statement 1P(SG) =1

Consider the sample spaSe, | impose thaSs =G, = 1 by telling respondents

that the probability associated to the entire samsphce is equal to 1, S8y =G,
=1.
Statement 2P(G‘j )2 0

ConsideiP(G}) and P(G2), | impose thatP(G})20 and P(GZ)=0 by asking
respondents to the lowegof and upperd;) bounds of the event space outside of
which they are essentially certain the outcome cavappen at all. This is

basically the first question of Exchangeability Gam

Statement 3f {G;} is a sequence of disjoint sets3g) then

A Ue |- ele)

i=1 i=1

ConsidelP(Gg) and P(Gzz), “exchangeabilityassumption imposes that

[G UGJ P(G)+ P(G2)= 05

Statement 4P(G} ) =1- P(G}C)

ConsidelP(G ) and P( ) “exchangeabilityassumption imposes that
1

P(Gt)=1-P(cZ)=05=1-05
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Statement 5P(¢) = 0

See Statement 2.

Statement 6For eachG; 0 S;, then0< P(G})sl

See Statements 1 and 2.

Statement 7f G 0 G} withn = jk,k IN,k # 0, then P(G! )= P(G})

Consider G; andG}, “exchangeability assumption imposes that

P(G!)= 052 P(G})= 025
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