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Abstract

Subjective risks of having contaminated applesiteticvia the Exchangeability
Method (EM) are examined in this study. In pariculas the experimental design
allows us to investigate the validity of elicitadkrmeasures, we examine the magnitude
of differences between valid and invalid observatidn addition, using an econometric
model, we also explore the effect of consumersicgmonomic status and attitudes
toward food safety on subjects’ perceptions of ipie residues in apples. Results
suggest first, that consumers do not expect aneaser in the number of apples
containing only one pesticide residue, but, ratirethe number of those apples with
traces of multiple residues. Second, we find ttadidvsubjective risk measures do not
significantly diverge from invalid ones, indicatieé little effect of internal validity on
the actual magnitude of subjective risks. Finalg, show that subjective risks depend
on age, education, a subject’s ties to the appdeisiny, and consumer association

membership.

Highlights
» Subjects think that apples containing multipledass will increase in the future
» Valid subjective risks do not statistically diverfigem those of invalid ones

» Subjective risks depend on socioeconomic and ditiali variables

Keywords: subjective risks, internal validity, pesticideides, apple.
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How many bad applesarein a bunch? An experimental investigation of perceived
pesticideresiduerisks

1.  Introduction

Despite progress that international and nationtaities have made toward
ensuring food safety (e.g., food-labeling, packgginspections), food-related risks still
get the attention of a substantial proportion ofstoners. For example, approximately
30 percent of all Europeans remain concerned alealth 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 risk estimates become aftmr understanding their choice-
behavior towards food products or policies (Kivil@hogren, 20160) In fact, several
empirical investigations have shown that subjedtisies often dictate consumers’
choices far more than science-based risk predetiayuld, especially when subjective
estimates differ from science-based ones (e.guslekal., 2009). There might be two
general reasons why such a discrepancy exists, Winde science-based risk estimates
are simple averages based on frequency value®fodgenous populations, individual
subjective risks are heterogeneous, and caus#sisdreterogeneity can be observed or
unobserved. For many individuals, their subjectigks might be accurate, and not truly
equal to the average population risk. Second, sodieiduals may make mistakes in
processing risk-related information, and formulegémates that are higher or lower
than the science-based predictions. Much of whan@mists know about subjective
risks has been borrowed from initial work by psylogests (e.g., Slovic, 1987).

Although an extensive literature has shown thajesiiive risks related to

financial outcomes affect people’s choices in saMaranches of applied economics

! Here, risk is intended to mean the probabilityt thgiven outcome occurs.



(see Manski, 2004 for a review), a relatively smaimber of studies have investigated
the influence that subjective risks related to thealitcomes have on people’s behavior
related to their everyday choices. A few studiegeharimarily coped with estimates of
health risks related to smoking behavior (e.g.c\Mss, 1990; Gerking and Khaddaria,
2011) as well as drinking contaminated water (dakus et al., 2009; Shaw et al.,
2012). Unfortunately, little has been done to inigede whether subjective health risks
related to food safety affect people’s economidad®in their everyday life. A
relatively small number of studies have shown tdaaisumers’ numerical estimates of
health risks (i.e., mortality rate) due to the pre=e of pesticide residues in fresh fruit
and vegetables drive their preferences for pestifriee fresh fruit and vegetables in
hypothetical markets (e.g., Hammit, 1990; van Rawaay and Hoehn, 1991; Buzby et
al., 1998).

In contrast to other studies, here we mainly exarttie risk of having
contaminated apples. In particular, we investigatesumers’ subjective probabilities
that given proportions of apples produced in the/iAce of Trento (Italy) will contain
pesticide residues in the future. Given that peiicesidues have consequences on
health, consumers’ expectations about the futugsgmrce of pesticide residues in apples
likely affect their support for an agricultural poy that the Province of Trento is
planning to incentivize the production of pesticfdee apples. The investigation of
consumers’ preferences for this policy becomesqaatly important because the
saleable gross production of apple is approxim&8lpercent of the entire agricultural

saleable gross production in the Province of TréRta.T., 2010).



The bulk of the literature which has investigatatjsctive risks related to food
safety has barely taken into account the facteheited risks might not be vafidAn
exception is the artefactual field experiment carteld by Cerroni et al. (2012) in which
the validity of subjective risks elicited via thedhangeability Method (EM) (Baillon,
2008; Abdellaoui et al., 2011), an innovative é#ition techniques based on the notion
of exchangeable events (de Finetti, 1937), has te=ted. In this study, the validation
procedure is based on the de Finetti's notion bkcence under which risk estimates
are coherent if and only if they obey to all axioamsl theorems of Probability Theory
(de Finetti 1937; 1974a; 1974b).

Investigating the validity of subjective risks cohtites to better understand
people’s choices under risk and uncertainty. In, fdoe inclusion of invalid
observations in subjective expected utility or othen-expected utility models used to
predict decision-making processes might generaiseliresults, especially if invalid
observations systematically differ from valid omes$erms of magnitude. For example,
if invalid subjective risks are systematically lawer greater) then valid ones,
consumers’ willingness to support agricultural p@s might be underestimated (or
overestimated).

Given that, in this current paper, by drawing omr@ et al.’s (2012) results on
the validity of subjective risks elicited via thélEwe more carefully analyze the actual
discrepancy between valid and invalid risk estimalie other words, we measure the
differences in terms of magnitude, which goes béyitve previous study. Furthermore,
we also econometrically identify attitudinal anati®eeconomic factors that shape

subject’s perceptions, comparing our results wittvipus findings.

2 In contrast, one might use observed purchasesmsdctions as a way of revealing individuals’ sesfs
risk, but identification issues may easily aris¢he effort to uncover the risks and sort thesefraumh
other influences on purchases.



The remainder of the paper is laid out as follokwghe next section, we review
previous studies dealing with perceptions of peticesidues and its consequences on
human health. Next, we define the aims of the airstudy and provide detailed

information about the experimental design. Finalg, offer a discussion of our results.

2.  Subjectiverisksand pesticideresidues

Many stated-preference (SP) studies have investigae role of consumers’
perceptions of health outcomes due to pesticiddues in determining food-
purchasing behavior. In general, these studies slage/n a negative correlation
between people’s perceptions of health outcomesalpesticide 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 previous studies have not focused on subgecisk estimates expressed in a
numerical fashion, but on people’s concern abaeistverity of health consequences
due to food safety. For example, individuals hagerbasked to indicate the presence of
health risks using simple descriptive labels (bigh, medium, or low), likert or other
numerical scales.

Eom (1994) has elicited subjects’ concern abouptleeence of pesticides in
general commercially grown food products by usinigexrt scale between 0 (no risk)
and 10 (very serious risk). This study has fourad the average concern across
consumers was quite high, around 6.6. The sam®@agipmwas taken by Fu et al.
(1999), but for fresh fruit and vegetables. In tase, the average level of concern was
extremely high, exceeding 6, on a scale betweerd(7dn their experimental auction

for residue-free foods, Roosen et al. (1998) haesl @ simple scale of concern (1 to 5)
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to investigate the influence of subjective peraamion consumers’ bidding behavior.
The approach recently used by Rimal et al. (2008&)itit people’s perceptions of
pesticide residues in food was even simpler. I fadividuals were simply asked to
state whether the problem of pesticides in food ses®us, moderate or inexistent, and
the finding was that more than half the subjectssefthe serious option.

Boccaletti and Nardella (2000) have improved theraach used by Misra et al.
(1991) implementing a Likert Attitude Scaling Prdaes, 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 simply indicates very high concern.

Several scholars have questioned whether percepti@asured on some scale, as
done in some of the studies above, are good iraiaf risk (e.g., Viscusi and Hakes,
2003). At the very least, one would have to makenst assumptions to re-map from a 0
to 10 discrete response scale to a 0 to 1 unitvalteThis could be done for example, to
get a relevant risk measure, which is of coursergiicuous variable on the unit interval.
Simple recoding would of course make it impossiblebtain other risk estimates than
in 10 percent jumps (10, 20, 30 percent etc.).

While these simple efforts are appealing, theylaeking in that they do not
provide the information that would be ideal in attonodelling risky behaviours. In
fact, measures of concern, or other responses vanechot numerical measure cannot
be directly used in either an expected utility abjsctive expected utility framework,
(Manski, 2004). Hence, many other studies have gagkr attention to the elicitation
of actual numerical risk measures. In most of tistgdies the elicitation scheme is
simple, and people are just asked to state riskatds. The specific magnitude of the

outcome that will happen is typically first pressshtand individuals are then asked
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about the probability of this occurring to otheesy(, Viscusi 1990, asked people to
guess how many smokers out of 100 will get, orfidien, lung cancer), or to
themselves, but many variations in presentatiorpassible. The techniques which
directly elicit subjective risks are called direstthods (Spetzler and Von Holstein,
1975).

Extensive research, much of which is in the psyawliterature, has shown that
people do not easily understand numerical riskse@ally small ones), and, given that,
has suggested different approaches (i.e., freqgegnfwr making people willing and
able to state their best estimates (e.g., GigeremmbHoffrage, 1995; Hammit and
Graham, 1999; Corso et al., 2001).

Several studies have shown that mortality riskedaeched as deaths per 100,000
or some other number in the population, avoidinglsdecimal place numbers that are
confusing. Buzby et al. (1998) have asked subjbelis own subjective probability of
dying from consuming fresh products containing ipets in a similar manner,
specifically, as the annual number of deaths paillion individuals. Since this
probability-estimation task may be difficult foryl@eople, subjects in both of these
studies were provided with risk ladders showingopitulity of dying from more-
familiar causes of death. The mean probabilityneste was roughly 43 deaths per
million in the population, per year.

Williams and Hammit (2001) have used this samecitashnique 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 that related to either naterahs or microbial pathogens. In

particular, to conventional buyers, the annual medatality rate because of pesticide



residues on fresh products was 50 per million, evhid organic food buyers, the rate
was 200 per million.

Although direct methods are very easy to designiaupdement, they have been
questioned because of the quality or accuracyeoéticited subjective risks. In the
cognitive psychology literature the ability, or re@pecifically, the willingness of
subjects to put efforts in expressing their bahefiumerical risk estimates, has been
extensively debated. The elicitation of numericss is of course easy and feasible, but
reliable results are not guaranteed (Manski, 2004).

An alternative way of eliciting subjective risksnsists of using subjects’ choices,
most often made over lotteries and gambles. Inquaat, risk measures are indirectly
estimated by the researcher at the points for whédple show their indifference
between lotteries or gambles, which can be thoafjas games that the subjects play.
These techniques which indirectly elicit subjectiigks are called indirect methods
(Spetzler and Von Holstein, 1975). Those methodsiasumed to be less demanding
than direct methods from a cognitive point of viasvsubjects are not asked to directly
express a numerical risk, but to compare risky @utes and choose the most likely one
(Spetzler and Von Holstein, 1975).

To our knowledge, the first application of an imdir technique in eliciting
subjective risks of having pesticide residues wdfts represented by the Cerroni et al.
(2012)’s artefactual field experiment (Harrison dmst, 2004). In particular, that study
has elicited numerical subjective probabilities ipgen proportions of apples will
contain pesticide residues by using the EM. Thebnejue consists of a set of binary
guestions in which subjects are asked to bet angameount of money on a given
outcome rather than on an alternative one. Subgdsks are indirectly inferred at the
point for which subjects show their indifference betting on one of the two outcomes.

The fact that the outcomes derive from a biseghimtedure of the whole state space of
9



the random variable under study, make binary golestthained, in the sense that the
outcomes presented in one questions depend omutbenoe that has been chosen in the
previous question. One innovative aspect of thatation technique consists in asking
subjects to focus on the severity of the outconaeustudy, rather than on the
probability of a given outcome to occur. This invgation into outcomes is rare, as
compared to attention paid by previous studiesibjestive probabilities of endpoint
risks, such as human mortality or morbidity ratéshi(n and Budescu, 1996).

The study by Cerroni et al. (2012) also represtmdirst attempt to investigate
the influence that incentive compatibility has be tnternal validity of elicited
subjective risks related to food safety outcomedactt, when monetary incentive are
provided to subjects based on their betting belmaegiamined elicitation mechanism
such as the EM are presumed to induce subjectst tstaie their real beliefs, but to
strategically behave to get better rewarded. $bvitaether internal validity of elicited
subjective risk estimates depends on incentive edilvifity four experimental
treatments have been designed. More specificallyjests were provided with
monetary incentives in two treatments, but theyewwt in the remaining two. Each of
these treatments was divided into two other treatnie one treatment, subjects were
aware of the chained structure of the EM becausstmns were sequentially ordered,
while in the other treatment, subjects were notrawsd method as questions were
randomly ordered. A detailed description of treattrgroups will be provided below.

As noted above, valid estimates have been idethitfieusing a validation
procedure based on the de Finetti’'s notion of aaltesubjective probabilities (de
Finetti, 1937; 1974a; 1974b). In particular, riskasures elicited via the EM are valid if
and only if the certainty equivalents that subjectsasked to express about specific
lotteries are equal. These lotteries involve the tisky outcomes that subjects were

indifferent between during the EM procedure. In B\ framework, this ensures that
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subjective risks satisfy de Finetti’'s notion of eoénce. Certainty equivalents were
elicited by using another experimental game whidhbe described in more details
below, the Certainty Equivalent Game (CEG).

Investigating the validity within each treatmenbgp, Cerroni et al. (2012) have
found that subjects provided with real monetargmives and random questions more
likely return valid estimates. Examining the vatydof each elicited subjective risk
estimates, they found that the proportion of vabtimates is 29.72 percent in the
sample. In particular, they showed that the propornf valid subjective risks is 39.13
percent when real monetary incentives and randagstouns were provided to subjects,
followed by 29.86 percent when monetary incentivese not provided and questions
were randomly ordered, 26.26 percent when real taopecentives were provided,
but questions were sequentially ordered, and 22e2@nt when monetary incentives
were not provided and questions were sequentiallgred. This suggests that in each
treatment group there is a relatively small portidwalid subjective risk estimates, and
the real compensation with sequential responsepearfiirms the other treatments.

In our view, as subjective risks are often incogped in the standard subjective
expected utility or other non-standard theoriedesfision-making under risk and
uncertainty to model and predict behavior, the iifieation of valid risk estimates
becomes crucial to obtain highly predictive modats] thus, reliable findings on
subjects’ choice behavior. This is particularlyetitivalid observations systematically
differ from invalid ones in terms of magnitude.the latter case, failure to recognize
valid subjective risks might induce us to overuaderestimate subjects’ true

expectations, and hence, to wrongly predicts theiravior.

3. Objectives
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By drawing on Cerroni et al.’s (2012) investigatimmd using the same dataset
they have used in their analysis, we first invedggsubjective risks of having
contaminated apples. Second, we examine the palteigcrepancy between valid and
invalid subjective risks to fully understand whetfalure to recognize validity implies
an over- or underestimation of consumers’ true abdly estimates. Finally, we
estimate a behavioral model to identify attitudiaatl socio-economic factors that
affect the subject’s risk estimates of pesticidedees in apples. This information will
help policy makers to target their risk communigatcampaigns at given interest
groups of the population and, hence, gain publppsrt for the Province of Trento’s

pesticide risk reduction policy.

4. Theempirical application
4.1. Thecase study

The fire blight is a bacterial disease that hasatged and killed apple plants in
the Province of Trento since 2003 (EMF, 2006). ¢teent infestation rate which is
the number of days in which the infestation océarthe blossoming period is less than
1 percent. The infestation rate depends on clinpatrameters such us temperature and
precipitation. In this region of Italy, farmers cemtly adopt preventative measures
based on pesticide usage in the form of copper oomgs 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).
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4.2. The sample and the dataset

The pool of sample subjects is the same used by[at al. (2012) and consists
of 80 individuals between 18 and 70 years age \weah the Province of Trento. The
sample is not, strictly speaking, randomly selettechuse subjects were recruited
outside food markets, but it is still quite genra¢presentative of people living in this
Province because most of the people in the regiashgpping in those markets at some
point or another. A show-up fee of €25 was giverdoh participant as a compensation
for agreeing to come into the experimental lakthefWniversity of Trento to take part in
the experiment.

The dataset consists of 1,200 probability estimat@8 for each of the three
random variables under study which are: the nurabapplesga, containing at least
one residue in a sample of 100 apples in 30B@ number of apples, containing at
least two residues (multiple residues) in a sarnplE0 apples in 203pand the
number of daysg, during which the infestation will occur duringetblossoming period
in 2030. The latter variablg was added because of the potential link between the
development of fire blight and the presence ofipiel residues in apples. For each
random variable, five risk estimates have beertetidrom each subjects, the lower
bound @o, &, andro), the 2%' percentile §ua, aya, andry4), the 5 percentile Gu», aure,
andryy), the 78" percentile @/, ags, andrs), and the upper bounda( a;, andry).

These variables were selected after having interedeapproximately 20 focus
group subjectsThe year 2030 is chosen because the best avaslablece predicts that
the heavy development of new phytopathology, asit@dlight, will start

approximately twenty years from now in the Provio€drento.

% The apple containing residues are those contaatifepst one residue beyond the level of 0 mg/kg.
* The apple containing residues are those contagtifggst two residues beyond the level of 0 mg/kg.
®> The blossoming period usually occurs in April fie Province of Trento.
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4.3. Experimental Treatments

As noted above, selected sample participants veexdomly assigned to four
treatment groups. Each subsample is presentedavdiifierent experimental design: the
real monetary incentives-sequential questions @&subjects (TRS), the real monetary
incentives-random questions with 22 subjects (TR hypothetical monetary
incentives-sequential questions with 16 subjeck$)T and the hypothetical monetary
incentives-random questions with 19 subjects (THR).

In the hypothetical treatments (THR and THS), stiisjare only given the show-
up fee, while in the real incentives treatmentsKTahd TRS), each subject has the
chance to win up to an additional €100 based an theices during the experimental
games. More specifically, one randomly selectedviddal from each group (TRR and
TRS) can actually earn additional €100 based ofhisechoices during the experiment.
The subject to be paid is randomly selected aettteof the experiment by drawing a
numbered chip from a bingo cage (Cage 1). All sttbjbave the same equal chance of
being the winner because the total number of dnipise bingo cage is equal to the total
number of participants in each session and subgeetsformed of this. One of the
guestions each subject answers during the experiaiso randomly selected to be
played out for the payoff. In this case, we usdlagrocage (Cage 2) that contains as
many numbered chips as the number of questionshtbaespondent answered during
the experiment. The selected participant wins tidktmnal €100 if and only if the
event she/he had chosen in the drawn questioninerite value of the random variable
under consideration that the Edmund Mach FounddEdfF) predicts. Such science-
based predictions of risk have been frequently bgeekperimental researchers (for
example, see Fiore et al., 2009). Of course, fhesific incentive scheme may have
induced subjects to guess the science-based estinmstead of expressing their own

subjective risks. Subjects may have had privat@métion about the science-based risk
14



estimates or some reason for not trusting the Ednech Foundation’ s (EMF’s)
studies and predictiohsWe assume that subjects’ risk estimates have hetedistorted
away from their own beliefs by our incentive sclesior two main reasons. First, our
subjects are average consumers and are unlikéigvi® had any information about the
science-based risk estimate because the lattendtdzben disseminated to the public
when the experiment was conducted.

In addition, based on our focus group interviews,bglieve that the population of
the Province of Trento highly trusts the EMF, armll@ have no reason to have a
strongly different personal prior. In one questadithe survey, subjects were asked to
state their level of trust in the EMF on a scaleveen O (very low) and 4 (very high),
and their average level of trust was around 2.6heNaf the subjects expressed a very
low level of trust and only 3 subjects out of 8@rssed a low level of trust. Given this
information we do not think elicitation to corresm with the EMF prediction is a large
problem for the study. As noted by Baillon (20083 &choed in Cerroni and Shaw
(2012) the simplest strategy for consumers to fil@ygame is just to state their real
beliefs. In this context, we assume that our ingerdcheme has induced subjects to
state their real beliefs, or at least, to investeramgnitive effort into doing that (Cerroni
et al., 2012).

One feature of the sample worth noting is that wé&ave a few apple producers,
and these subjects may indeed have more informtteonothers do. However, their
preferences do not influence average beliefs beddese are so few of them (3 out of
80).

The only difference between the random (THR and &RI sequential
treatments (THS and TRS) is the order of the gaestiln fact, in sequential treatments

subjects are presented with sequentially orderegdtopns, and, hence, they are aware of

® We thank an anonymous reviewer for suggestingpbssibility.
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the chained structure of the EM, while, in the @ndreatments, subjects face
randomly ordered questions which hide the presefichained questions. More
precisely, in the sequential treatments, the ardemich percentiles of each subject’s
CDF are elicited is the followin@/2, Qu4, Qsia, @1/2, &4, 834, Y172, 4, @andrgs. In the

random treatments, the order in which the peranbf each subject’s CDF are elicited

is the following:Qu2, a2, M2, Qua, Aya, 14, 9314, Ag/a, @Nd rz4.

5. Methods
5.1. Thedlicitation of subjective risks: the Exchangeability Method

In this section, we briefly describe the EM, thehteique used by Cerroni et al.
(2012) to elicit subjective risks. The EM consistsnultiple binary questions where
subjects are only asked to bet a certain amoumoofey on one of the two disjoint
subspaces in which the whole state space of thabkamunder 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 risks of three randoariablesa, r, andg. As the EM
is formally described in Cerroni et al. (2012), boevity’s sake, here, we only describe
the application of the EM that concerns the nunabepples containing at least one
residue in a sample of 100 apples in 2030 (variaplat the beginning of the game,
subjects are asked to express the loagrand upper boundsy) of the event spack.

16



In this way, the individual-specific range outsafevhich subjects are essentially
certain that the outcome cannot happen at alkistified. Assume that subjecstates
thatagis equal to 60 apples amgdis equal to 76. This means that she/he believés tha
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
au» 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} (Figure 1). Following the first choice, the esise is repeated using a bisection of
the chosen prospect. For example, if suljéets chosen prospesi={60<x<68}, the
second binary question asks subjects to chooseebatprospect8s;={60<x<64} and
A,={64<x<68}. The bisectioning process goes on until the subjgmteme indifferent
between the two prospects; at this point, the nmegp@anta,» of each subject’'s CDF is
estimated. This estimate indicates that therebi@ percent chance that the number of
apples that will contain at least one pesticidedtesin 2030 will be equal to or less
thanay,. A similar process can be followed to determinenasy other points for the
individual's subjective CDF as is desired, depegdin limitations of the subjects’
attention spans. Here, the™ercentile 414) and the 7% percentile &) are also
elicited. Before asking our subjects to play the, By were provided with a
description of the relevant scenario, as well asige information about the values that

the random variables under study had in the lasyéars (from 2000 to 2009),

5.2. Thevalidity of subjectiverisks: the Certainty Equivalent Game
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In this section, we briefly describe an additioegberimental game that was
implemented by Cerroni et al. (2012) to facilitdte identification of valid risk
measures, the Certainty Equivalent Game (CEB)the CEG, subjects are presented
with two choice tasks, say CT1 and CT2, both coiirtgi six binary questions, each
asking subjects to choose between a gamble andaencamount of money (Figure 2).

Next, we provide an example of the CEG that corscra number 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 (placeat b&x 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 betywtens A (a bet of £ on the
fact thata is greater than or equal to 66) or B (take thewamof money = 0, 25, 49,

51, 75, and €100). The certainty equivalent forltitiery described in option A is
determined by looking at the first question of ¢itein the choice task in which the
subject switches from choosing option A to chogsion B (the amount of money).

The CEG is played for the 9Bercentile @ua, ays, andrys), the 58" percentile @y,

au, andryy), and the 78 percentile @y, ags, andrz). The CEG allows identification

of valid risk estimates at both the sample andviddal level. In the former case, the
sample provides valid risks if and only if CE esdies related to CT1 and CT2 does not
statistically differ from each other. At the indivial level, each specific risk estimate is

valid if and only if the CE estimates related tolCand CT2 are equal.

6. Results

6.1. Theanalysisof subjectiverisks

" Cerroni et al. (2012) tested also the reliabibifyelicited risk estimates via the EM by implementthe
Repeated Exchangeability Game. However, here, Wefocus on the validity and, hence, the CEG is
taken into account.
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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 ®%ercentile, we argue that subjects believe trere i
only a 25 percent chance that the number of amaletining pesticides will be lower
than or equal to 66. Using average values for @feafid 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 (see the badiststa in Table 1 and Figure 3).
Taking into account that the number of apples waitleast one pesticide residue at
present (in 2009) is 63 out of 100 (Italian Minystif Health, 2010), we conclude that
subjects do not in fact perceive an increase imtheber of apples containing at least
one pesticide residue by the year 2030 to be pdatiy substantial and, very likely.

Following the same general approach, we interpeatgntile estimates related of
ther variable, which is the number of apples contaimmgtiple residues in a sample of
100 apples in 2030. In this case, we found thataver bound i(p) is about 31, the 25
percentile y.) is 42, the 58 percentile (vy) is 45, the 7% percentile (3/4) is 48, and
the upper bound) is 52 (again, see Table 1 and Figure 3). As might#Xpected, the
average percentile estimates @fre always smaller than those of variabl[&igure 3)
because the number of apples with multiple residnesild always be lower than the
number of apples with at least one residue. Howareen that 31 apples, out of the 63
containing at least one residue, have multipledress in 2009 (Italian Ministry of
Health, 2010), we deduce that subjects perceivaaaase in the number of apples
with multiple residues to be quite significant dikély. For example, they think that
there is 75 percent chance that the number of apyte multiple residues will be 48 at

the worst.
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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 (ntlba@ 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 periad2030, we found that the lower
bound(go) is 6, the 28 percentile §1.) is 8, the 58 percentileg(gyy,) is 9, the 78
percentile(gss) is 10, and the upper boungi)is 12 (see Table 1 and Figure 4). Given
the fact that the number of days in which the itafsn actually occurred in 2000,
2005, and 2010 was very close to zero, we condhatesubjects perceive the

infestation rate in 2030 as being quite high akelyi.

6.2. Thedifference between valid and invalid subjective risks

Using results on validity obtained by Cerroni et(@8D12) via the Certainty
Equivalent Game, for each random variable, we coenfiee magnitudes of valid and
invalid estimates at both the sample and individesals. At the sample level, we found
here that the valid estimates are lower than idvaties for each percentile (thé2fhe
50", and the 78) of each variablea( r, andg) (Table 2). However, by using the
Kolmogorov-Smirnov (KS) and Mann-Whitney U (MWUJsts, we found that the
discrepancy between the magnitudes of valid andlichestimates is not statistically
significant for all variablesg, g, andr (Table 3). Hence, even if our results suggest that
failure to recognize validity might induce reseamchto overestimate subjects’ true risk

estimates, this finding is not statistically sugpdr
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Next, the valid and invalid estimates are compaitetie individual level. For the
random variablea andr, we found the same pattern as before, the g 50", and the
75" percentiles are lower in valid estimates as coetp# invalid ones (Table 2).
Using the KS and MWU tests, we found that suchsardpancy between valid and
invalid estimates is not statistically supportedviariablea, while it is for variable. In
particular, valid estimates of $%ercentile () are statistically lower than the
corresponding invalid ones (Table 4).

We found a different pattern for the variaglevalid estimates of the #sand 7%’
percentilesdy4 and gs4) are greater than the corresponding invalid esémavhile
valid estimates of the #(percentile §.,,) are lower than invalid ones (see columns 3
and 4 in Table 2). However, these results aretatisscally supported by the KS and
MWU tests (Table 4).

In general, the valid estimates are smaller thanrthalid ones in variable andr,
but greater in variablg. However, we note that such discrepancies aristitatly
supported only for variable but not fora andg. For what concern, mistakes appear
here to result in upward bias, and thus, failureetignize validity results in an

overestimation of subjects’ average probabilisxipextations.

6.3. Factorsshaping subjective risks

To further analyze the factors that explain sulsjgmtobabilistic expectations of
both the number of apples containing pesticidedtess and the fire blight’s infestation
rate, we estimate three empirical models (see Tabde the definition of the
explanatory variables used in the econometric myodel

Given that our dependent variables are all esdmftiactions, we do not estimate
our models (Model 1, 2, and 3) by using a simplé&@istimator, although many apply

the linear probability model to such data. Here use the Generalized Linear Model
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(GLM) along with robust standard errors (Papke Afablridge, 1996). Observations in
80 groups are clustered because each subject peothicke 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:

y; .= By + B,PERCENTILE, _ + B,VALIDITY,, + 8,ATTITUDE , +
+ B,APPLE _LINK, . + 3, SOCIOECONOMIC, ,

1)

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 resglimea sample of 100 apples in 2030
(r).

In all models, we examine whether™250", and 75 percentile estimates differ
from each other by using the set of dummy variaBERCENTILE which consists of
variable25"PERC, 50"PERC, and75"PERC . As we expected, the 8Gind 7%'
percentile estimate$@"PERC and75™ PERC, respectively) are statistically greater
than the 2% percentile estimate€%" PERC) at the 1 percent significance level (see
Table 6).

In addition, we investigate the difference betweald and invalid estimates in
terms of magnitude by creating another variablked&ALIDITY, defined below.
Cerroni et al. (2012) demonstrated that subjecte wwre likely express valid risk
estimates when they were provided with monetargntiges and randomly ordered

guestions, but we actually compare the magnitudeskimneasures elicited from
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subjects who belong to the “real incentives-randpmstions” treatmeniRR) with

risk estimates elicited from subjects who belonth®other treatmentIRS, THR, and
THS). To accomplish this, th&ALIDITY variable is comprised of four dummy
variables TRS, TRR, THS, andTHR), each taking a value equal to 1 if and only & th
subjects belong to the experimental treatmentthieavariable represents, and equal to
zero otherwise.

Consider Model 24) and 3 () in Table 6. The positive signs of variabTeRS
THR, andTHS's coefficients are consistent with result from ygarametric testing
which show that average invalid estimates are greaan valid ones. However,
estimated coefficients are not statistically supgain either Model 2a) or Model 3 ()
(Table 6). In Model 1, we found th@RS coefficient has the expected positive sign,
while THR andTHS's coefficients are negative, meaning that invaldervation are
lower than valid ones. However, none of the cogdfits are statistically significant
(Table 6).

The composition of the vect&TTITUDE used to explain the random variable
stronglydiffers from that used to explain the other varstd andr. For what concerns
Model 1 @), ATTITUDE captures subjects’ trust in the IPCC’s predictiabeut climate
change PCC_AV, IPCC_HIGH, andIPCC_VHIGH) and their beliefs about the human
and/or natural determinants of this phenome@® HN, CC_H, andCC_HH). In the
former case, the subjects were informed about diséipe correlation between the fire
blight's infestation rate and climatic conditionsrishg the presentation of the
experimental instructions, and we predict that eciisj who highly trust the IPCC’
predictions (PCC_HIGH andIPCC_VHIGH) will provide higher estimates of the
number of days in which the infestation will occluring the blossoming period in
2030 @) than those who partially trust IPCC’ predictidhlBCC_AV). The coefficient of

the variablesPCC_HIGH andIPCC_VHIGH have the positive and statistically
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significant expected signs (Table 6). Our resute andicate that the subjects who
believe that climate change is only due to humaivities (CC_HH) perceive the
infestation to be more likely than subjects whant@athe climate change on both
natural and human process€&( HN) (Table 6). The results, which are statistically
significant at the 1 percent level, are consistgtit some of the psychology literature
about perceptions of risk, which has shown thapfeocommonly perceive technology-
induced risks to be higher than nature-induced ¢ags, Slovic, 1987).

In Model 2 @) and Model 31, the variables relating t&TTITUDE captures
subjects’ beliefs about the future usage of pelito control apple disea$t=ST AV,
PEST _HIGH, andPEST_VHIGH) and subjects’ trust in Edmund Mach Foundation’s
predictions about the fire blight's infestationedEMF _AV, EMF_HIGH, and
EMF_VHIGH). As we expected, subjects who agree on the iatfarmers will mainly
use pesticides in the futureEST_HIGH andPEST_VHIGH) provide higher estimates
of the number of apples that will contain residthes subjects who do not agree with
that PEST_LOW). However these results are not statisticallyificamt in either Model
3 (r) or Model 2 @) (Table 6).

Next, we hypothesize that subjects who trust thelgl Mach Foundation’s
predictions which show that the fire blight’s inf&$on rate will increase from the 1
percent of 2010 to the 17 percent of 20BMIE_HIGH andEMF_VHIGH), have higher
percentile estimates of the number of apples coimigipesticide residues in 2030 than
subjects who do not trust EMF’s predictioBMF _LOW). This hypothesis is supported
by some of the results, i.e., the positive andi@@nt coefficients of the variables
EMF_HIGH andEMF_VHIGH in Model 2 @) at the 10 percent significance level,
while it is not statistically supported in Mode(13 (Table 6).

The APPLE_LINK variable vector, which consists of four diverse dun

variables APP_PROD, APP_IND, CONSUMER, andCONS ASS is present in all
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models. In Model 1¢), subjects who produce applés$’P_PROD) provide lower
estimates of the number of days in which the flrght's infestation will occur during
the blossoming period in 2030 than the othersh@bt percent significance level). This
finding is not surprising because farmers havetgebknowledge of the actual low
infestation rate in the Province of Trento. As nmilgh expected, farmeraPP_PROD)
self-protect their own profession, expressing loastimates of the number of apples
that will contain residues in 2030 than others, &esv, the negative coefficient of the
variableAPP_PROD is statistically significant in Model 3), but not in Model 24)
(Table 6).

In contrast to farmers, some subjects who worlppie@processing and marketing
(APP_IND) have generally higher estimates of pesticidedte=s in apples than others,
and the positive coefficient is statistically sifggant in Model 2 and 3 at the 1 percent
level (Table 6). This is likely due to the facttipgople who are involved in the apple
industry have better knowledge that chemicals anengonly used to control apple
diseases than laypersons, but, unlike farmers,dbayot appear to be interested in
promoting a healthy brand image.

While the fact that the number of apples consumeekly CONSUMER) does
not affect estimates regarding the fire blightfestation rated) is perhaps not
surprising, it is striking that this variable orggrtially influences the consumers’
perceptions of pesticide residues in appéesndr). The variabl&cCONSUMER is
negative and statistically significant in Model& &t the 1 percentlevel, but it is not
significant in Model 3r) (Table 6). The negative sign of this variabléiadel 2 might
be due to the fact that subjects who consume applegive the risk of contamination
as low. In contrast, we found that members of oores associationsCONS ASS) who

are assumed to be very concerned about pestigakies have higher estimates of both
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a andr than the others (Table 6). The coefficient of trasiable is positive and
statistically significant at the 1 percent levebioth Model 2 and Model 3.

We have used the same set of socioeconomic vasiabkdl our models.
Although we found that wome®EMALE) have higher risk estimates, as frequently
found in the literature about risk perceptions.(etynn et al., 1994; Krewski et al.,
1994; Lin, 1995; Hamilton, 1985; 1995), the coeéfits are not statistically significant
in all of our models.

We found contrasting results for the age of sugj@BGE). A person’s age may
serve as a proxy for experience with one or magoegyof risk. Related to the varialge
(Model 1), we found that elderly subjects have bigéstimates of the infestation rate
than the others (at the 10 percent significancel)eV¥his result is consistent with the
previous literature on age and health risks (&gwski et al. 1994; Williams and
Hammit, 2001). In contrast however, we found thatnumber of apples containing
pesticide residues decreases with age in Moda) @1d 3 () (5 and 1 percent
significance level, respectively) (Table 6). Thresult may be due to the fact that
younger consumers are expected to be more sensitieed-safety issues than older
ones because they are considering a longer pefidé teft in front of them, but it is
somewhat surprising because older consumers mgghielived to be more vulnerable
to health risks than younger ofles

We also found some contrasting results about tleetedf education on risk
perception. Education is likely related to cogretability to process risk information,
but might also relate to experience and generalvledge about health risks. Results
based on Model 1gj, support the hypothesis that more educated sisbjec

(UNIVERSITY) have lower estimates of the infestation rate thamothers

8 As one anonymous referee argued, elderly subgeetsnore sensitive to food safety issues than yeung
ones because they more likely suffer chronic coragibns that put them at risk from food safety hdza
However, we note that as 2030 is quite far in thark, elderly subjects might not care much abloesé
chronic complications.
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(SEC_SCHOOL). This is consistent with what some others hauadlo see Dosman et
al. (2001) and Williams and Hammit (2001). HowewerModel 2 &) and 3 €), we
found that people with a master degree have higstenates of apples containing
pesticides than people with lower education le¢®land 1 percent significance level,
respectively) (Table 6). Again, this divergence rbaydue to the fact that highly
educated subjects (those with graduate degreespemmpore sensitive to food-safety
issues than moderately educated subjects.

Subjects with higher annual net inconlhlGQOME) perceive the number of apples
containing pesticides to be higher than the othlts lower annual income. However,
the positive sign of the income variable is stet#ly significant only in Model 2 (a).

Among all of the estimated models explaining thecgptions of pesticides,

Model 2, which pertains to the number of applesiwite or more residues)( is more
predictive than Model 3, which pertains to the nemiif apples with multiple residues
(r) (Table 6). There are various hypotheses thatemalain the lower explanatory
power of Model 3. First, this may be related to disxrepancy between valid and
invalid probability estimates detected at the indlial level for variable, second,
boredom and fatigue may have mattered, given thlébhthe sample assessed the
variabler at the end of the experiment, while in the othdf th& order of questions has
been randomized.

In summary, the results of our econometric analysgport many of the
predictions we had about the potential factors stggpeople’s perceptions of the fire
blight’s infestation rate and the presence of peltiresidues in apples, especially those
related to being a farmer, having consumer assogiatembership, having ties with
apple industry, and the roles of the demographi@likes age, and education. Even
using our innovative risk elicitation approach heve have several results that are quite

consistent with previous studies that investigatedsame issues with different
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techniques. Where our results differ from the #éitare we believe there are plausible

explanations of those discrepancies.

7. Conclusion

Elicited subjective risks are important becausg thfeen explain behavior under
risk and uncertainty better than science-based dsk These subjective estimates can
be used in risk-oriented behavioral models thabriporate them, such as the subjective
expected utility model, or non-expected utility netsd In general, empirical results in
previous studies have indicated that consumers &dngh level of anxiety about such
contaminants in food. Using data elicited via atirect technique such as the
Exchangeability Method, which we apply in an artédal field experiment, we have
shown that subjects are in fact not very concesriexit a general increase of pesticide
residues in apples at a key policy-related futaie dout they are more concerned about
the presence of multiple residues in apples.

The main contribution of this paper consists oesiigating the discrepancy
between valid and invalid subjective probabiliti©sir results suggest that valid
estimates are smaller than the invalid estimatethefnumber of contaminated apples
(variablesa andr in the paper), but risk estimates are larger fertbmber of days in
which the fire blight’s infestation will occur itné blossoming periodj). We note that
such discrepancies are statistically supported famlyariabler , indicating that number
of apples that will contain multiple residues. Thighlights the fact that as researchers
and policy makers, our failure to recognize valibjsctive risks might not actually
imply an over- or underestimation of consumers2tpuobability estimates, and, hence,
affect their choice behavior.

Our econometric analysis explores factors shapanggptions of pesticide

residues in apples and provides other useful indtion that simple ANOVA-style
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experimental tests do not provide. For examplefouad that the average apple
consumer in our subject pool is not particularipcerned about pesticide risks; in fact
their expectations about the presence of pestreisidues do not statistically differ
between apple consumers and non-consumers. Inrasgntiembers of consumers
associations and subjects who actually work iraihyge industry (excluding farmers)
are very sensitive to the problem, as they showdrigsk estimates than the others. We
also found that young and highly educated can pea®d to be more sensitive to food-
safety issues.

Such results have quite important food safety gatiplications, given the fact
that consumers’ subjective probabilities of pedgadiesidues in apples might affect their
financial support for policies which the Provindeloento is planning to promote the
production of pesticide-free apples. For exampdasehbl on our results policy makers
should communicate and promote their policies lgylghting the fact that these
reduce the risk of having apples containing mudtipésticide residues if they want
public support. In addition, food policy speciaishould focus their risk
communication campaigns towards average consumdrkess educated people in the
population.

As a final caveat, we note that our subjects weke@to answer questions about
risky outcomes pertaining to a future policy perimdthe year 2030. It is possible that
some subjects discount the future differently tbtrers do, and discount rates and
subjective risks could well be related to one aenttvhich could affect each subject’s
risk estimates. For example, some individuals migget higher discount rates to reflect
their sense that the distant future is quite riSlg/the extent that all subjects do this in
our subject pool, this may not present a signifigaoblem, but if this tendency is
mixed among individuals, it may. In future studiesssearchers should try to

simultaneously estimate discount rates and subgeasks within the context of the EM
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approach that we have implemented here. To our latuge, thus far no one has

considered the elicitation of both simultaneousithin the context of the EM.
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Table 1. Summary statistics of percentile estimates

Variable Obs. M ean Median St.Dev. Min M ax

go™* 80 6.176 5.000 4.677 1.000 29.000
Qua™" 80 7.912 6.750 5.879 0.205 29.250
gu' 80 9.175 7.500 6.320 0.500 29.500
Ja™" 80 10.250 9.000 6.228 0.750 29.750
Tl 80 11.925 10.500 6.072 1.000 30.000
ag™* 80 56.354 60.000 20.455 4.000 90.000
ay" 80 65.637 68.000 21.879 5.000 96.000
ay”" 80 69.200 72.000 21.907 6.000 98.000
ags™® 80 71.187 74.500 21.896 8.000 99.000
a”" 80 75.450 80.000 21.706 10.000 100.000
ro 80 31.392 32.000 16.381 4.000 82.000
oA 80 42.387 38.000 19.066 5.000 90.000
ry 80 44.875 41.000 18.941 6.000 92.000
Fya* 80 47.700 43.000 19.334 8.000 93.000
rot 80 51.825 47.000 19.241 12.000 100.000

¢ the number of days during which the infestatior adglcur during the blossoming period in 2030.

® the number of apples containing at least one resida sample of 100 apples in 2030
°the number of apples containing at least two residn a sample of 100 apples in 2030.

the lower bound.

®the 28" percentile.
"the 50" percentile.
Ithe 75" percentile.
"the upper bound.
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Table 2. Average valid and invalid per centile estimates

Variable Valid at the Invalid at the Valid at the Invalid at the
sample level sample level individual level individual level
Obs. Mean Obs. Mean Obs. Mean Obs. Mean
ua* 23 7.326 53 8.149 19 9.421 34 8.500
™ 23 8.434 53 9.473 35 8.228 43 9.674
Oz’ 23 9.583 53 10.512 14 10.071 32 9.031
Tot. 69 - 171 - 68 - 109 -
ay° 23 62.691 53 66.823 23 64.260 44 69.431
ay”" 23 67.304 53 69.964 27 61.629 53 73.056
ags™' 23 69.652 53 71.807 21 68.619 32 68.625
Tot. 69 - 171 - 71 - 129 -
ryss* 23 38.782 53 43.842 23 37.913 41 48.293
ry>* 23 41.826 53 46.105 29  39.103 51 48.156
Faa 23 45.608 53 48.543 22 41.409 35 45.485
Tot. 69 - 171 - 74 - 127 -

¢ the number of days during which the infestatior adglcur during the blossoming period in 2030.
® the number of apples containing at least one resida sample of 100 apples in 2030.

°the number of apples containing at least two residn a sample of 100 apples in 2030.
dthe 29" percentile.
®the 50" percentile.
"the 79" percentile.
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Table 3. Comparison of valid and invalid percentile estimates at the sample level

Null Hypothesis Mann-Whitney U K olmogor ov-Smirnov
Test Test

Ho z D
Ovalid = Ginvalid” .819 197
Qua, vaiia = Gua,invalid .818 197
vz, valid = Qu2, invalid .820 161
O, vatid = G4, invalic”” 729 197
Aalid= Ainvalid 1.069 .180
A4, valid = Qu/a, invalid© 1.069 .180
w2, valid = 312, ivalid” .607 167
Ay, valid = 34, invalid” .340 .184
Fvaiid = Tinvalid 1.053 197
M4, valid = T4, invalid© 1.058 197
M2 valid= Tv2, invalid”* T77 141
My, valid = T3, invalic”™ .670 127

¢ the number of days during which the infestatior adglcur during the blossoming period in 2030.
® the number of apples containing at least one resita sample of 100 apples in 2030.

°the number of apples containing at least two resido a sample of 100 apples in 2030.

dthe 29" percentile.

®the 50" percentile.

"the 78" percentile.

*p<.01

** p< .05

*kk p< 10



Table4. Comparison of valid and invalid percentile estimates at the individual level

Null Hypothesis Mann-Whitney U K olmogor ov-Smirnov
Test Test
Ho z D
Ovalid = Ginvalid” -.002 .069
Qua, valid = Qua, invali” -.828 .278
vz, valid = Qu2, invalid .962 .166
O, vatid = Gar4, invalic”” -.910 .236
Aalid= Ainvalid 1.485 116
Aua, valid = Ay, invalid” .893 182
w2, valid = 312, invalid” 1.632 .236
Ay, valid = A4, invalid” .027 122
Mvaiid = Tinvalid 732 113
M4, valid = T4, invalid”© 2.017* .348**
M2 valid= Tv2, invalid”* 1.865*** .236
My, valid = T3, invalic”™ 443 181

¢ the number of days during which the infestatior adglcur during the blossoming period in 2030.
® the number of apples containing at least one resita sample of 100 apples in 2030.

°the number of apples containing at least two resido a sample of 100 apples in 2030.

dthe 29" percentile.

®the 50" percentile.

"the 78" percentile.

*p<.01

** p< .05

*kk p< 10



Table 5. Description of variables presented in Model 1, 2, and 3

Variable

Definition

M ean

St.Dev.

Min

M ax

G_GLM

A_GLM

R_GLM

Percentage of days in which the
infestation will occur during the
blossoming period in 2030

Percentage of apples containing at least
one residue in a sample of 100 apples in
2030

Percentage of apples containing more
than one residue in a sample of 100
apples in 2030

.287

.375

.325

453 0

485 0

469 0

25" PERC

50" PERC

75" PERC

Observations related to the™5
percentile of, a, andr

Observations related to the'50
percentile of, a, andr

Observations related to the75
percentile of, a, andr

.333

334

.333

A71 0

A71 0

471 0

TRS

TRR

THS

THR

=1 if the subject belongs to the “Real
Incentives-Sequential Questions”
treatment,

= 0 otherwise

=1 if the subject belongs to the “Real
Incentives-Random Questions”
treatment,

= 0 otherwise

=1 if the subject belongs to the
“Hypothetical Incentives-Sequential
Questions” treatment,

= 0 otherwise

=1 if the subject belongs to the
“Hypothetical Incentives-Random
Questions” treatment,

= 0 otherwise

.275

.287

237

.200

446 0

452 0

425 0

400 0

IPCC_MED

IPCC_HIGH

IPCC_VHIGH

=1 if the subject trusts in IPCC’s
predictions of temperature and
precipitation?

= 0 otherwise

=1 if the subject highly trusts in IPCC’s
predictions of temperature and
precipitation?

= 0 otherwise

=1 if the subject very highly trusts in
IPCC'’s predictions of temperature and
precipitation?

= 0 otherwise

.012

.238

.750

11 0

426 0

433 0

CC_H&N

CC_H

=1 if the subject believes that the
climate change is due to both human
activities and natural procesges,

= 0 otherwise

=1 if the subject believes that the

.600

.337

490 0

473 0

1
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climate change is mostly due to human
activities?

= 0 otherwise

CC_HH =1 if the subject believes that the .062 242 0 1
climate change is only due to human
activities”
= 0 otherwise

PEST_LOW =1 if the subject believe that farmers .050 .218 0 1
will unlikely use pesticides in the futufe,
= 0 otherwise

PEST_MED =1 if the subject believe that farmers .200 .400 0 1
will maybe use pesticides in the futdre,
= 0 otherwise

PEST_HIGH =1 if the subject believe that farmers .537 .499 0 1
will likely use pesticides in the futufe,
= 0 otherwise

PEST_VHIGH =1 if the subject believe that farmers .213 .409 0 1
will very likely use pesticides in the
future!
= 0 otherwise

EMF_LOW =1 if subjects little trusts EMF’s .038 .190 0 1
predictions of fire blight’s infestation
risk in the future!
= 0 otherwise

EMF_MED =1 if subjects trusts EMF’s predictions of .412 493 0 1
fire blight's infestation risk in the futur,
= 0 otherwise

EMF_HIGH =1 if subjects highly trusts EMF's 475 .500 0 1
predictions of fire blight’s infestation
risk in the future!
= 0 otherwise

EMF_VHIGH =1 if subjects very highly trusts EMF’s .075 .263 0 1
predictions of fire blight’s infestation
risk in the future!
= 0 otherwise

CONSUMER The number of apples consumed by the 3.700 5.160 0 20
subject in a week

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

APP_PROD =1 if the subject is an apple producer, .037 .190 0 1
= 0 otherwise

APP_IND = 1 if the subject is tied to apple .187 391 0 1
processing and marketing,
= 0 otherwise

AGE Age in years 33.625 13.213 19 68

FEMALE = 1 if the subject is female, 436 499 0 1
= 0 otherwise

SEC_SCHOOL = 1 if the subject has this education .183 .389 0 1
level’®
= 0 otherwise

HIGH_SCHOOL =1 if the subject has this education 512. .503 0 1



levelf
= 0 otherwise

UNIVERSITY =1 if the subject has this education .300 465 0 1
level’
= 0 otherwise

INCOME The yearly net income in 2010 in .189 195 .075 115
thousand €

®We ask subjects whether IPCC'’s predictions willgep surely, very likely, maybe, not likely, or
never.

®We ask subjects if they believe that climate chaisgdue to, only human activity, mostly human
activity, human activities and natural processesstiy natural processes, and only natural processes
°We ask people if they agree with the statementngathat farmers mostly use chemical control
against apple diseases, O=strongly disagree, Igréisa2=do not know, 3=agree, 4=strongly agree.

4 We ask subjects whether FEM's predictions abowt Kfight will happen surely, very likely,
maybe, not likely, or never.

¢ We ask subjects their education level, elemerganpol, secondary school, high school, university.
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Table 6. Generalized Linear M odel Estimation

Variable Model 1 Model 2 Model 3
(G_GLM) (A_GLM) (R_GLM)
50" PERC 220 179%x .108***
75" PERC 395+ 283+ 231 %x*
TRS .206 .369 276
THR -.245 131 .051
THS -116 .071 .246
IPCC_HIGH 1.261* - -
IPCC_VHIGH 1.416** - -
CC_H -.181 - -
CC_HH .860*** - -
EMF_MED - .823 -271
EMF_HIGH - 1.141%* .403
EMF_VHIGH - 2.790%** .530
PEST_MED - .326 472
PEST_HIGH - 113 .336
PEST_VHIGH - 210 .405
APP_PROD -1.057* -.069 -1.112%**
APP_IND 411 .848%** .902%**
CONSUMER -.007 -.058%** -.015
CONS_ASS -1.235%** 1.196%** 1.004***
FEMALE .085 .181 .054
AGE .015* -.026** -.012*
HIGH_SCHOOL -.809** .249 291
UNIVERSITY -1.373%** 0.796** B75%*
INCOME .001 .001** .001
CONSTANT -2.138%** -572 -.942
LOG P.LS -99.855 -98.318 -107.073

*p< .01, *p<.05, ** p< .10
8Log Pseudo-Likelihood
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Figure 1: An example of the binary question of the Exchandigethod for the variable.

I prefer to bet 100€ on the fact that the number apples containing at
least one pesticide residues in 2030 will be:

] ]

smaller than 64 greater than or equal to 64

Figure 2: An example of the Certainty Equivalent Gafoethe variablea.

In cach of the following question. do you prefer to play the lottery presented in
Option A or do you prefer to take the amount of money presented in Option B?

Option A Option B
o o 0€
. . . o o 25€
You win 100€ if the number apples containing at least
one pesticide residues in 2030 will be SMALLER - - 40€
THAN 64
o o 51€
0€. otherwise
o o 75€

o o 100€

In each of the following question. do you prefer to play the lottery presented in
Option A or do you prefer to take the amount of money presented in Option B?

Option A Option B
o o 0€
. . . o o 25€
You win 100€ if the number apples containing at least
one pesticide residues in 2030 will be GREATER - - 40€
THAN OR EQUAL TO 64
o o 51€
0€. otherwise
u] o 75€

=} =} 100€




Figure 3: The average number of days in which the infestatidinoccur during the blossoming period in
2030.
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Figure 4. The average number of apples containing residuasample of 100 apples in 2030.
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