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Abstract
Subjective probabilities as well as risk and uncertainty preferences influence
many farmers’ decisions. Few contextualized field experiments were recently
conducted to elicit farmers’ risk preferences. Contextualized field experiments
use nonabstract framings that are familiar to subjects. Despite adding of con-
text can undermine internal validity, such experiments are increasingly used in
applied economics. Contextualized field experiments were never used to elicit
farmers’ uncertainty preferences. This paper aims to fill this gap in the litera-
ture. This required the development of a new approach in which uncertainty
preferenceswere estimatedwhile controlling for farmers’ subjective probabilities
regarding future agricultural outcomes. The experiment involves Scottish farm-
ers’ decisions to plant traditional or new potato varieties. Monetary incentives
and incentive compatible elicitation techniques, such as quadratic scoring rules
and certainty equivalent multiple price lists, were used. Results from the estima-
tion of Fechner models using maximum likelihood estimation procedures show
that failure to control for subjective probabilities generates an underestimation of
estimated uncertainty preferences. Farmers are more averse to uncertainty than
risk, and their choices are noisier under uncertainty than risk.
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1 INTRODUCTION

Subjective probabilities, risk, and uncertainty prefer-
ences influence many farmers’ decisions. For example,
crop selection and diversification (e.g., Ouattara, Kouassi,
Egbendéwé, & Akinkugbe, 2019), entering contract farm-
ing (e.g., Bellemare, 2018), insurance uptake (e.g., Coble,
2004), technology adoption (e.g., Liu, 2013), and response

to agrienvironmental policies (e.g., Brick, Visser, & Burns,
2012). Hence, accurate measurements of these behavioral
factors are essential to predict farmers’ behavior anddesign
acceptable agricultural policies (Colen et al., 2016).
In the economic literature, risk is generally used to

define situations in which probabilities are known, while
ambiguity and uncertainty are used interchangeably to
define situations in which probabilities are unknown.
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Using Harrison’s (2011) terminology, this paper refers to
ambiguity when probabilities are unknown and economic
agents do not have enough information or experience to
form a unique and well-defined subjective probability dis-
tribution. For example, yields and market prices of a new
crop can be considered ambiguous. Ambiguity can reduce
to uncertainty when probabilities are still unknown, but
farmers have enough experience (i.e., use of a traditional
crop) or information (i.e., scientific research becomes oper-
ational via technical assistance) to form a well-defined
subjective probability distribution about future yields and
prices.
This paper represents the first attempt in the literature

to elicit farmers’ uncertainty preferences using a contex-
tualized field experiment. This is equivalent to a framed
field experiment as defined by Harrison and List (2004).
A framed field experiment employs a nonstandard subject
pool (i.e., not students); a nonabstract framing, meaning
that the experimenter uses a specific field context familiar
to the subjects; and an imposed set of rules.
Eliciting uncertainty preferences using a contextual-

ized field experiment required the development of a new
approachwhich allows controlling for the influence of sub-
jective probabilities on choice behavior under uncertainty.
The innovative approach consists of two stages and was
applied to farmers’ decisions under price uncertainty. In
the first stage, farmers’ subjective probabilities related to
crops’ future prices were elicited using quadratic scoring
rules (QSRs) and corrected from biases related to devia-
tions from risk neutrality using the Offerman, Sonnemans,
Van de Kuilen and Wakker’s approach (Offerman, Sonne-
mans, Van de Kuilen, & Wakker, 2009). Monetary incen-
tives and incentive compatible mechanisms were used to
elicit farmers’ subjective probabilities. This is not the norm
in agricultural economics and represents another method-
ological contribution of this paper.
In the second stage, corrected subjective probabilities

were used to estimate farmers’ uncertainty preferences
via maximum likelihood estimation (MLE) procedures.
This approach allowed controlling for subjective proba-
bilities when estimating uncertainty preferences. Farm-
ers’ choice behavior under uncertainty was observed using
contextualized certainty equivalent multiple price list (CE
MPL) formats. The CE MPL resembled farmers’ real-
life decisions between different typologies of contracts
offered by buyers for units of produce. These contracts
implied different levels of price uncertainty. The elicitation
approaches used in the second stagewere also incentivized
and incentive compatible. Deviations from risk neutrality
were explored by eliciting risk preferences using an addi-
tional contextualized CEMPL. To the author’s knowledge,
no other studies have used this innovative approach to
elicit farmers’ preferences toward uncertainty.

The approach can make an important contribution
to the literature as contextualized field experiments are
increasingly used among applied economists. Results from
such experiments have a potential higher degree of exter-
nal validity as compared to standard noncontextualized
experiments (Alekseev, Charness, & Gneezy, 2017). Exter-
nal validity is the ability to draw generalizable conclu-
sions that are meaningful to explain behavior in “real-life”
situations (Loewenstein, 1999). Adding context can also
improve subjects’ understanding of experimental instruc-
tions and tasks (Alekseev et al., 2017). Despite these appeal-
ing features, experimental economists are wary of contex-
tualized field experiments because introducing context can
generate confounding factors and undermine the internal
validity of experimental studies (e.g., Smith, 1976). Inter-
nal validity is the ability to draw robust causal conclusions.
Also, contextualized field experiments are harder to repli-
cate as compared to standard experiments (Gneezy& Imas,
2017). Empirical evidence regarding benefits and costs of
adding context to experimental tasks and instructions is
mixed; however, contextualized field experiments remain
an important tool that enriches the toolbox of applied
economists (Alekseev et al., 2017). The use of these exper-
iments is particularly suitable when information on the
behavior of a specific population (i.e., farmers) in a specific
context (i.e., crop selection) is needed.
A relatively large number of studies elicited farmers’

risk preferences using noncontextualized experiments and
incentive compatible lottery-based techniques (e.g., Bin-
swanger, 1980; Liu, 2013). Recently, few studies attempted
the use of contextualized field experiments. Results on the
effect of contextual framing on external validity of elicited
preferences and farmers’ understanding of experimental
tasks and instructions are mixed (e.g., Rommel, Hermann,
&Musshoff, 2017; Rommel,Hermann,Muller, &Musshoff,
2019). This suggests that the use of contextualized field
experiments needs further investigation.
A limited number of studies investigated farmers’ ambi-

guity or uncertainty preferences. Some used incentive
compatible elicitation techniques and incentivized experi-
mental procedures based on classic Ellsberg’s experiments
(1961) (e.g., Barham, Chavas, Fitz, Rìos-Salas, & Schechter,
2014. 2015). None used contextual framing. A potential rea-
son for this gap in the literature is that the elicitation of
ambiguity and uncertainty preferences using contextual-
ized field experiments is complex. In classic (noncontex-
tualized) Ellsberg’s experiments, ambiguity or uncertainty
preferences can be elicited assuming that subjects perceive
mutually exclusive events (i.e., draw of red or blue ball) as
equally likely (i.e., “fair urn”). Unfortunately, this assump-
tion cannot be made when context is added. Farmers may
have reasonably well-formed beliefs regarding the distri-
bution of mutually exclusive agricultural outcomes, and
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the experimenter cannot simply assume that farmers per-
ceive these outcomes as equally likely. Hence, when elic-
iting farmers’ ambiguity or uncertainty preferences using
contextual framing, the experimenter should control for
their subjective probabilities as proposed in our innovative
approach.

2 LITERATURE REVIEW

2.1 Eliciting subjective probabilities for
agricultural outcomes

The impact of subjective probabilities on farmers’
decisions has received little attention in the literature
(Hardaker & Lien, 2010; Norris & Kramer, 1990). Empiri-
cal evidence indicates that subjective probabilities about
yields, prices, and other agricultural outcomes are good
predictors of farmers’ decisions under uncertainty. Sim-
plistic and nonincentive compatible techniques were
commonly used for eliciting farmers’ probabilistic beliefs.
This may undermine the accuracy of elicited beliefs and
their ability to predict farmers’ behavior (Trautmann &
van de Kuilen, 2014).1
Direct approaches were widely used to elicit farmers’

subjective probabilities. These approaches ask subjects
to state the probability that an event (point or interval)
occurs. Subjective probability distributions can bemapped
if subjective probabilities related to a set of mutually exclu-
sive events are elicited. An early example is Carlson (1970)
who elicited subjective probability distributions of losses
in peach production inCalifornia.Many other applications
used similar approaches for eliciting subjective probabili-
ties and subjective probability distributions (e.g., Hudson,
Coble, & Lusk, 2005; Menapace, Colson, & Raffaelli, 2012).
Direct approaches were criticized because they are too

cognitively demanding for subjects. For example, Man-
ski (2004) pointed out that people are often not willing
or able to express numerical probabilities directly. Most
importantly, direct approaches are not incentive compat-
ible unless proper incentive schemes and proper scoring
rules are used (Brier, 1950). A scoring rule assigns a numer-
ical score (i.e., payoff) to people’s probabilistic predictions
regarding future outcomes. This score depends on their
predictions and the event that will realize in the future. A
scoring rule is properwhen peoplemaximize their score by
providing their true and honest probabilistic predictions

1 A large number of studies elicited qualitative judgments regarding the
likelihood of agricultural events using Likert scales (e.g., Greiner, Miller,
& Patterson, 2009). Likert scales are not incentive compatible, and quali-
tative judgments can be only used in ad hocmodeling approaches of deci-
sion making under uncertainty.

(Gneiting & Raftery, 2007). Several types of scoring rules
exist (e.g., linear, logarithmic, quadratic).
The use of proper scoring rules in agricultural eco-

nomics is limited. Grisley and Kellong (1983) and Smith
and Mandac (1995) used a linear scoring rule (LSR) to
elicit farmers’ subjective probabilities. However, the LSR
is not a proper scoring rule and hence is not theoretically
incentive compatible (Winkler, 1969). This paper con-
tributes to the literature by using an incentive compatible
scoring rule, the QSR (Brier, 1950), to elicit farmers’
subjective probabilities regarding crops’ future prices. A
limitation of the QSR is that incentive compatibility holds
if and only if risk neutrality is not rejected (e.g., Kadane
& Winkler, 1988). A number of approaches are available
to control for the potential influence of risk preferences
on subjective probabilities elicited via QSR. In this paper,
potentially biased subjective probabilities are corrected ex
post using themethod proposed byOfferman et al. (2009).2

2.2 Eliciting risk preferences

Several methods to elicit risk preferences were devel-
oped in the economic literature (Charness, Gneezy, &
Imas, 2013). Lottery-based methods, like the Holt and
Laury’s multiple price list (MPL) (2002) and the certainty
equivalent (CE) methods (Abdellaoui, Baillon, Placedo, &
Wakker, 2011), are widely used.3 The latter elicits the CE
for a lottery which is the maximum amount of money that
makes an individual indifferent between choosing a lot-
tery or the sure amount of money. Many value elicitation
formats can be implemented to elicit the CE (e.g., exper-
imental auctions). The most used is the MPL (CE MPL).
While the CEMPL can be less cognitively demanding than
the MPL, it may suffer from the certainty effect, which is
people’s tendency to opt for certain rather than risky or
uncertain options, even when the former are not superior
(Allais, 1953; Andreoni & Sprenger, 2012). Under the right
set ofmonetary incentives,MPLandCE-MPLare incentive
compatible.4

2 Ex ante and ex post correction approaches can be used. Ex antemethods
change the incentive mechanism in such a way that deviations from risk
neutrality donot affect subjective probabilities (e.g., Allen, 1987;Harrison,
Martínez-Correa, & Swarthout, 2014). Ex post methods correct probabili-
ties once these have been elicited. We also acknowledge that other meth-
ods exist to elicit subjective probabilities that are not affected by risk pref-
erences. Examples are probabilitymatching (Trautmann&van deKuilen,
2014) and the exchangeability method (Abdellaoui, Baillon, Placedo, &
Wakker, 2011; Cerroni, Notaro, & Shaw, 2012).
3 The Eckel and Grossman’s method (2002) is another lottery-based
method that is widely used in the literature.
4 Despite their theoretical incentive compatibility,many empirical studies
showed a lack of consistency in risk preferences elicited via thesemethods
(e.g., Charness, Gneezy, & Imas, 2013; Schildberg-Hörisch, 2018).
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Noncontextualized lottery-based methods are com-
monly used to investigate farmers’ risk preferences (Iyer,
Bozzola, Hirsch, Meraner, & Finger, 2020). While first
attempts were conducted in hypothetical settings (e.g.,
Pennings & Smidts, 2000; Smidts, 1997), the use of mon-
etary incentive is becoming the norm. An early attempt
to use monetary incentives and lottery-based methods was
made by Binswanger (1980) to explore farmers’ risk prefer-
ences in rural India. Since then, incentivized and incentive
compatible lottery-based methods were extensively used
(e.g., Bocquého, Jacquet, & Reynaud, 2014; Liu, 2013).
Few recent investigations used contextualized field

experiments and explored the impact of contextual fram-
ing on internal and external validity of elicited risk pref-
erences. Meraner, Musshoff, and Finger (2018) found a
positive effect of contextual framing on agricultural stu-
dents’ understanding of experimental instructions and
tasks, while Rommel et al. (2017) did not when using a
sample of German farmers. Both studies measured under-
standing in terms of inconsistent answers in the MPL
framework (e.g., multiple switching). Using a hypothetical
version of the Eckel andGrossman’s (2002)method,Mena-
pace, Colson, and Raffaelli (2016) found that risk pref-
erences elicited using contextualized gambles explained
Italian farmers’ insurance decisions more parsimoniously
than abstract gambles. Sanou, Liverpool-Tasie, and Shupp
(2018) reached the same conclusion using an incentivized
CEMPLwithin a contextualized field experiment that was
conducted in Nigeria. In contrast, Rommel et al. (2019)
found that insurance choices were not correlated with risk
preferences elicited via contextualized and noncontextual-
ized framings of the MPL. In this paper, a contextualized
CE MPL was used.

2.3 Eliciting ambiguity and uncertainty
preferences

Ambiguity and uncertainty preferences are increasingly
investigated in economics (e.g., Trautmann & van de
Kuilen, 2015). All methods developed for eliciting these
preferences are variations of the classic Ellsberg’s experi-
ments (1961). The most used are MPL (e.g., Chakravarty
& Roy, 2009) and CE (e.g., Abdellaoui et al., 2011) meth-
ods. In the MPL, subjects face two urns, one character-
ized by a known distribution of colored balls, the other by
an unknown distribution. Subjects are asked to bet on the
occurrence of a color and make a series of choices regard-
ing the urn that they want to play. A random draw from
the chosen urn determines their payoff. In the CEmethod,
subjects face an urn with an unknown distribution of col-
ored balls. They are asked to bet on the occurrence of a
color and express the maximum amount of money that

they would be willing to accept to sell their bet. The CE is
usually elicited using theMPL, Becker-DeGroot-Marschak
mechanism (BDM), or auctions.
The number of studies eliciting farmers’ ambiguity and

uncertainty preferences has increased in the past few
years. The vast majority of these investigations used incen-
tive compatible and incentivized elicitation techniques
and are conducted in developing countries. The MPL (e.g.,
Bougherara, Gassmann, Piet, & Reynaud, 2017) and CE
MPL (e.g., Barham et al., 2014) were widely used. How-
ever, there are no studies attempting to use contextual
framing to elicit farmers’ attitudes toward ambiguity and
uncertainty. This study is the first attempt to elicit farmers’
uncertainty preferences using a contextualized field exper-
iment while controlling for subjective probabilities. A con-
textualized CE MPL was implemented.

3 EMPIRICAL APPLICATION: THE
SCOTTISH POTATOES FARMING SECTOR

The empirical application focuses on the Scottish potato
farming sector. The potato supply chain in Scotland
is locally structured. Farmers generally sell their pota-
toes to three typologies of buyers: potato-packaging com-
panies (37%), potato processors (28%), or big retailers
who package potatoes under their own brands (Agricul-
ture & Horticulture Development Board [AHDB], 2017).
Potato buyers commonly offer farmers contracts at the
beginning of the season (before planting). The agreed
amount (in tonnes) of potatoes will be delivered by farm-
ers at the agreed time of the year, generally February
for main crops. There are different typologies of offered
contracts.
In the most used typology of contract, buyers buy pota-

toes at the market price that realizes at the agreed delivery
time. This market price is the weekly average price (WAP),
which is based on the AHDB’s weekly average price sur-
vey (WAPS).5 Hence, there is uncertainty over a potentially
infinite set of price outcomes. In this paper, this contract is
named WAP contract.
Farmers are sometimes offered another type of contract

in which buyers buy potatoes at a fixed price (i.e., for-
wards) (Moschini & Hennessy, 2001). Farmers and buyers
agree this price when the contract is signed. Hence, there
is no price uncertainty. In this paper, this is named fixed
price (FP) contract. The FP contract is generally offered
to farmers when price volatility is severe or when they are
asked to grow new crop varieties. This practice reduces the

5 These prices are summarized from returns made each week by con-
tributing merchants and from a telephone survey of buyers and growers
conducted by the AHDBMarket Intelligence price collection contractors.
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uncertainty about the price that buyers pay for new vari-
eties. Therefore, when farmers are proposed to adopt a new
variety instead of traditional ones, they often face a choice
between a sure price, related to the adoption of the new
crop, and an uncertain price, related to the use of the tra-
ditional variety.
In the recent past, farmers were also presented with

another typology of contract. This is rarely offered and
only by some buyers. In this contract, buyers buy potatoes
at a price which is determined based on the WAP at the
agreed delivery time. However, there are only three possi-
ble price outcomes: (i) if theWAP price falls within a given
range (e.g., between £120 and £200 per tonne), the buyers
buy potatoes at that market price, (ii) if the WAP is lower
than xmin (e.g., £120 per tonne), the buyers buy potatoes at
xmin, and (iii) if the WAP is greater than xmax (e.g., £200
per tonne), the buyers buy potatoes at xmax. This contract
which is namedminimum–maximumprice (MMP) resem-
bles a lottery with three possible uncertain price outcomes.
TheMMPguarantees a lowminimumprice to farmers pro-
tecting them from price volatility. However, it also defends
buyers’ interests in circumstances when the market price
of the food commodity reaches high levels.
In this study, we investigate situations in which farm-

ers are offered to grow a new potato variety which has a
lower glycaemic index. This makes the new variety (called
Mistero in the experiment) healthier for humans because
it contains carbohydrates that are digested more gradually.
This potato variety was experimented and tested by seed
potato breeders when the experiment was conducted.6 To
increase realism, the study portrayed a scenario in which
potato buyers try to incentivize farmers to adopt the new
variety by offering a FP contract. Therefore, farmers are
asked to decidewhether to grow the newvariety under a FP
contract or the traditional variety under a slight variation
of theMMP contract, which involves uncertainty about the
market price. The selected standard variety is the Maris
Piper, which is widely grown in Scotland.
In this paper, uncertainty over future prices is only

related to the traditional variety. Hence, it is reasonable to
assume that farmers have well-defined probability distri-
butions over future prices and they make choices under
uncertainty (not ambiguity) as defined by Harrison (2011).
This assumption is plausible for two reasons. First, farm-
ers are familiar with the traditional variety and its market.
Second, farmers were shown prices of this variety (on the
first week of February) for the past 5 years (2011–2015) in
the experimental instructions (see the online Supplemen-
tary Appendix A). This allows them to construct informed
subjective probability estimates.

6 The name of the real variety was different from the name used in the
experiment.

4 METHODS

4.1 Sample characteristics and data
collection

The final sample consists of 40 potato farmers (or hold-
ings).7 The experiment was piloted using a sample of
five farmers in April 2015. Data were collected between
June and July 2015. This corresponds to the period when
Scottish farmers and buyers start discussions on contracts
for the next season. All sessions were individual (one
farmer) and conducted on farm.
The representativeness of the sample is not a main issue

in this study, given its methodological focus. However, a
comparison between the sample and the population of
interest is provided in Table 1. A more detailed discussion
on this comparison is available in the online Supplemen-
tary Appendix C.

4.2 Experimental design and
treatments

All farmers were presented with four tasks. In task 1, their
subjective probabilities about the WAP of the traditional
variety (i.e.,Maris Piper) on the first week of February 2016
were elicited usingQSRs. In tasks 2 and 3, their uncertainty
and risk preferences were elicited using contextualized CE
MPLs. In task 2, farmers were asked tomake choices about
whether to grow the new variety under a FP contract (cer-
tain price) or the traditional variety under a slight variation
of the MMP contract (price uncertainty). In the latter con-
tract, the price atwhich buyers buy potatoes is based on the
WAPat the agreed delivery time (i.e., firstweek of February
2016) and a unique threshold price xt (i.e., £160 per tonne).
There are only two possible price outcomes: (i) if the WAP
is lower than xt, the buyers buy potatoes at xmin (i.e.,
£120 per tonne) and (ii) if the WAP is greater than xt, the
buyers buy potatoes at xmax (i.e., £200 per tonne). Task 3
was equivalent to task 2, but farmers were informed that
there is a 30% chance that the WAP will be lower than xt
(outcome i) and a 70% chance thatWAPwill be higher than
or equal to xt (outcome ii) on the first week of February
2016.
Such prices and probabilities were identified by ana-

lyzing historical prices of the traditional variety on the
first week of February in the period from 2011 to 2015
(AHDB, 2011–2015) and experts’ subjective probability dis-
tributions of the market price of the traditional variety
on the first week of February 2016. Experts’ probability

7More details on ethical approval and sampling are provided in the online
Supplementary Appendix B.
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TABLE 1 Comparison between the sample and population of interesta

Variable Description Sample Population
NUMHOLDb Number of holdings producing potatoes in Scotland 40 2,120
North West Highland 10% 17%
North East Grampian 25% 23%
South East Tayside, Fife, Lothian and Scottish Border 65% 55%
South West East Central, Argyll & Bute, Clyde Valley, Ayrshire, Dumfries & Galloway 0% 5%
FARM SIZEc Average value in ha 285.45 115.89
POTATO HA Average value of land used to produce potatoes in ha 64.00 10.05
FEMALEd Farmer is female 5% 18%c

AGE Farmer’s average age in years 46.72 58.30c

Notes:
aData source: AHDB (2017), Scottish Government (2017).
bNot considering Orkney, Shetlands, and Hebrides.
cNot considering grass and rough grazing.
dGender of full-time occupiers.

distributions were elicited during the preparatory work
that was conducted to design the experiment. This con-
sisted of 16 individual semistructured interviews with
agents working or having strong links with the potato
industry: farmers (five), processors (three), big retailers
(two), a potato seed breeding company (one), the AHDB
potato (two), a representative of the National Farmers’
Union (NFU) (one), and scientists working on potato
breeding (two).8
The experimental instructions included information

regarding tuber and botanical characteristics of the two
competing varieties as well as their resistance to damages,
pests, and diseases. Farmers were also informed that pro-
duction costs (per tonne) were equal across varieties. This
information facilitated comparisons between varieties and
allowed farmers making more informed decisions. With
the two varieties being very similar in all aspects, the pro-
vision of this informationminimized the potential effect of
other sources of risk and uncertainty that were not related
to price outcomes. In task 4, farmers’ sociodemographics
and information on their farming activity were collected
using a questionnaire.9
The experiment comprised two treatments and the sam-

ple was equally and randomly split into two groups. One
group (20 subjects) was exposed to the classic QSR (QSR-
C), the other (20 subjects) to the allocation QSR (QSR-

8 The use of such prices and probabilities may have an impact on esti-
mated risk and uncertainty preferences. A discussion of this impact is
provided in the online Supplementary Appendix D.
9 The order of tasks is the same for all respondents. Thismay lead to learn-
ing and fatigue effects. However, this was the only feasible design as prob-
abilities cannot be disclosed to farmers before they complete tasks 1 and
2.

A). The rest of the experiment (tasks 2, 3 and 4) is equal
across treatments.10 Such a design was implemented to
test whether subjective probabilities elicited via QSR were
affected by the framing of the belief elicitation task. QSR-
C and QSR-A were theoretically equivalent because the
same scoring rule was used to generate payoffs; how-
ever, the framing of the belief elicitation questions differed
across the two approaches. More details on these fram-
ings are presented in the section below. Economic theory
assumes preference stability; however, there is a large body
of empirical evidence showing that framing affects belief
and preference formation (e.g., Tversky&Kahneman, 1981,
1986).

4.3 Subjective probability elicitation
task

Farmers’ subjective probabilities p1 that the price of the
traditional variety (i.e., Maris Piper) will be lower than
£160/tonne on the first week of February 2016 (event E) are
elicited using two versions of the QSRmethod: QSR-C and
QSR-A.
In the QSR-C, farmers are asked to express their beliefs

regarding the probability p1 of the eventE. They can choose
among 21 values of p1 ranging from 0% to 100% in 5% inter-
vals (p1 = {0%, 5%,. . . ,95%, 100%}). They are presented with
the payoffs that they will receive, if the event E realizes or
not, for each probability value (Figure 1). These payoffs are

10 Potential differences in the composition of the two subsamples were
tested using nonparametric testing procedures. Results are provided in
Table C.1 and C.2 of the online Supplementary Appendix C.
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F IGURE 1 QSR-C for eliciting subjective
probabilities in task 1

calculated using the QSR below:

[
𝑎 − 𝑏(1 − 𝑝1)

2
]
𝐸
(
𝑎 − 𝑏𝑝2

1

)
with 𝑎 = 𝑏 = 10, 000.

(1)
Equation (1) is a standard formulation (e.g., Offerman

et al., 2009; Trautmann & van de Kuilen, 2014). It indi-
cates that each farmer’s payoff is [𝑎 − 𝑏(1 − 𝑝1)

2
], if the

event E realizes, or (𝑎 − 𝑏𝑝2
1
), if the event E does not

realize.11
Farmers’ earnings are conditional on the selected

value p1. For example, if farmer i chooses p1 = 10%
and the price of the traditional variety on the first
week of February 2016 is lower than £160/tonne (i.e.,
E occurs), her/his payoff is 𝑎 − 𝑏(1 − 𝑝1)

2 = £10,000 −

£10,000(1 − 0.1)2 = £1,900. In contrast, if farmer i chooses
p1 = 10% and the price of the traditional variety on the
first week of February 2016 is equal to or higher than
£160/tonne (i.e., E does not occur), her/his payoff is −𝑎 −

11 The amount of £10,000 is the maximum virtual payoff that farmers can
obtain from this task. As standard in the literature,we set a= b to generate
a symmetric payoff structure (e.g., Offerman, Sonnemans, Van de Kuilen,
& Wakker, 2009; Trautmman & van de Kuilen, 2014).

𝑏𝑝2
1
= £10,000 − £10,000*0.12 = £9,900. The experimental

design and instructions replicate those by Offerman et al.
(2009).
QSR-A andQSR-C are equivalent because the same scor-

ing rule (in Equation 1) was used to generate payoffs.
They only differ in the framing of the question. In QSR-
A, subjects were told that they are endowed with £10,000
and they can allocate part of this money to the occur-
rence of event E and the remaining part on the nonoccur-
rence of event E by choosing one of the 21 possible allo-
cations presented in Figure 2. The experimental design
and instructions used for the QSR-A are very similar to
those used by Harrison, Martínez-Correa, and Swarthout
(2014).
The QSR-A was implemented to test if probabilistic

and nonprobabilistic framings of the QSR generate dif-
ferent results. Elicited beliefs may differ between treat-
ments because the QSR-A does not expose farmers to prob-
ability measures, unlike the QSR-C. Extensive research
has demonstrated that people do not easily understand
risk expressed in a probabilistic fashion, and therefore
we expect the QSR-A to be less cognitively demanding
than the QSR-C (e.g., Corso, Hammit, & Graham, 2001;
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F IGURE 2 QSR-A for eliciting subjective probabilities in task 1

Gigerenzer & Hoffrage, 1995).12 This may lead farmers to
form their beliefs differently across treatments.
If subjects deviate from risk neutrality, QSR elicits

biased beliefs. Offerman et al. (2009) developed an ex post
approach to correct potentially biased beliefs elicited via
QSR. This approach requires information about each sub-
ject’s risk preferences. In this paper, we correct poten-
tially biased subjective probabilities elicited via QSR using
individual-specific coefficient of relative risk aversion
(CRRA) elicited in task 3. More details on this procedure
are provided in the online Supplementary Appendix E.

12 A formal test to investigate the validity of elicited subjective probabil-
ities across elicitation methods was not performed because the experi-
mental design does not allow that. However, this could be done in future
research. Other works have investigated the validity of elicited subjec-
tive probabilities across elicitationmechanisms (e.g., Harrison et al., 2014;
Trautmann & van de Kuilen, 2014).

4.4 Risk and uncertainty elicitation
tasks

Two versions of the CE MPL are implemented. In task 2,
theCEMPL-Uelicits theCE for a lotteryULwith unknown
probabilities, CE(UL). The CE MPL-R in task 3 elicits the
CE(RL), theCE for the lotteryRLwith knownprobabilities.
In the CE MLP-U (task 2), subjects are asked to choose

between two contracts in ten choice situations (Figure 3).
Contract A provides a certain price y for planting the new
potato variety. This price increases across choice situations
from £150 to £185 per tonne. Contract B involves the pro-
duction of the traditional variety of potatoes. Contract B
resembles a lottery with two states of the world k. If the tra-
ditional variety’sWAP is lower than £160/tonne on the first
week of February 2016, state of the world k = 1 occurs and
farmers’ payoff is x1 = £120/tonne. If the traditional vari-
ety’sWAP is higher than or equal to £160/tonne on the first



CERRONI 715

F IGURE 3 CE MPL-U for eliciting uncertainty preferences in task 2
Note: The CRRA coefficient presented in Figure 3 are calculated assuming that subject i’s p1 and p2 are equal to 0.3 and 0.7, respectively

week of February 2016, state of the world k = 2 occurs and
farmers’ payoff is x2 = £200/tonne. Probabilities related to
each state of the world (p1 and p2) are unknown. Farmers
also have the option to opt out in each choice situation.
The CE(UL) provides measures of the curvature of the

utility functions under uncertainty. The lower theCE(UL),
the higher the concavity of the utility function, and hence
the uncertainty aversion (Attanasi, Gollier, Montesano, &
Pace, 2014). Farmers’ choice behavior in the CE MPL-U
allows the estimation of CRRA coefficient.13 The CRRA
coefficients presented in Figure 3 are calculated using
the parametric specification U(𝑥) = 𝑥1−𝐶𝑅𝑅𝐴∕1 − 𝐶𝑅𝑅𝐴

(e.g., Andersen,Harrison, Lau, &Rutström, 2008) and sub-
jective probabilities elicited in task 1 and corrected using
the Offerman et al.’s approach (Offerman et al., 2009) .
The CE MLP-R is identical to the CE MLP-U, except for

the fact that probabilities of states of worlds 1 and 2 (q1
and q2) are presented to farmers (Figure 4). Specifically, q1
and q2 are equal to 0.3 and 0.7, respectively. The CE(RL)

13 The reference to CRRA in this section is inaccurate because CRRA can
be only estimated under condition of risk. However, the term CRRA is
used to facilitate the comparisons of coefficients estimated under risk and
uncertainty and improve the readability of the paper.

provides a measure of the curvature of the utility func-
tions under conditions of risk. The CRRA coefficients pre-
sented in Figure 4 are calculated using the parametric spec-
ification U(𝑥) = 𝑥1−𝐶𝑅𝑅𝐴∕1 − 𝐶𝑅𝑅𝐴. This experimental
design is similar to Barham et al. (2014).

4.5 Monetary incentives

At the beginning of the experiment, farmerswere endowed
with an amount of a virtual currency, £150,000 and
informed that they can earn up to an additional £50,000
depending on their decisions in tasks 1, 2, and 3.14 They
were told that the exchange rate between the virtual and
real currency was £10,000 to £1, meaning that each virtual
£10,000 earned would provide a real earning of £1. The use
of a virtual currency is widespread in experimental eco-
nomics, and recent studies implementing contextual fram-
ing in agricultural economics have used such a currency
(e.g., Meraner et al., 2018; Freudenreich &Mußhoff, 2018).

14We acknowledge that income generated from subsequent decisions can
generate a wealth effect. A discussion on this issue is provided in the
online Supplementary Appendix F.
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F IGURE 4 CE MPL-R for eliciting risk preferences in task 3

Farmers’ earnings in each task depend on the price of
the traditional variety on the first week of February 2016.
This price was simulated using the classic “draw from a
bag” to avoid waiting for the natural realization of the
Maris Piper’s market price in February 2016.15 A simi-
lar approach was used in Fiore, Harrison, Hughes, and
Ruström (2009) and Cerroni, Notaro, and Shaw (2012,
2013). Farmers were told that the bag contained 100 sheets,
each reporting a price. The distribution of the prices in
the bag is based on the Maris Piper’s WAPs in 2011–2015
and experts’ expectations elicited thanks to the 16 individ-
ual semistructured interviews that were conducted in the
preparatory phase of the experiment. In the bag, the pro-
portion of prices lower than £160/tonne was 30, while the
proportion of prices equal to or higher than £160/tonnewas
70. Farmers were not aware of this when exposed to tasks 1
and 2, while they were when exposed to task 3. There was
only one random draw for the price, and this took place at
the end of the experiment. This price was used to define
earnings in all games.
In addition, the binding choices that determined the

earnings in tasks 2 and 3 were identified using two addi-
tional random draws at the end of the experiment. Farm-

15 Paying farmers according to the realization of price in February 2016
would have been the optimal strategy However, in the preliminary phase
of the study, farmers expressed their reluctance to wait 7–8 months to get
paid. They were not comfortable with a delayed payment, and most of
them stated that this would have undermined the credibility of the study.

ers were told that each bag contained 10 sheets, numbered
from 1 to 10. This procedure guarantees incentive compat-
ibility of CE MPLs.16

5 ANALYSES AND RESULTS

5.1 Subjective probabilities from task 1

Biased and unbiased subjective probabilities are reported
in Table 2. The average biased subjective probability that
the price of the traditional variety will be lower than
£160/tonne on the first week of February 2016 (𝑝1,biased)
is 0.307, while the corrected average subjective probabil-
ity (𝑝1,unbiased) is 0.291. A Wilcoxon signed-rank test (for
matched pairs) suggests that deviations from risk neutral-
ity significantly affect elicited probabilities, and ex post cor-
rection is needed to improve the reliability of our results.17
Summary statistics of unbiased p1 elicited viaQSR-C and

QSR-A are reported in Table 2, respectively. The average
unbiased p1 elicited via QSR-C is 0.329, while the aver-
age unbiased p1 from the QSR-A is 0.254. A Kolmogorov–
Smirnov test indicates that there is no evidence that
elicited probabilities differ between treatments, meaning
that farmers form their beliefs similarly in probabilistic

16 The average amount paid to farmers as additional earnings was £2.62.
17 Results are provided in Table G.1 and Figure G.1 in the online Supple-
mentary Appendix G.
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TABLE 2 Subjective probabilities of events 1 and 2

Pooled sample: QSR-C and QSR-A
Variable Observations Mean Standard deviation Minimum Maximum
p1,biased 40 0.307 0.213 0.000 0.900
p2,biased 40 0.693 0.213 0.100 1.000
p1,unbiased 40 0.291 0.240 0.000 0.916
p2,unbiased 40 0.709 0.240 0.084 1.000
QSR-C
p1,biased 20 0.347 0.218 0.000 0.900
p2,biased 20 0.653 0.218 0.100 1.000
p1,unbiased 20 0.329 0.247 0.000 0.916
p2,unbiased 20 0.671 0.247 0.084 1.000
QSR-A
p1,biased 20 0.267 0.206 0.000 0.700
p2,biased 20 0.733 0.206 0.300 1.000
p1,unbiased 20 0.254 0.234 0.000 0.776
p2,unbiased 20 0.746 0.234 0.224 1.000

(QSR-C) and nonprobabilistic (QSR-A) framings of the
QSR question.18
A generalized linear model (GLM) was estimated to

investigate the influence of farmers’ sociodemographics
and holdings’ characteristics on subjective probabilities
(Model 1). The GLM is the most appropriate estimation
procedure for treating fractional-dependent variables with
support [0,1] (Papke & Woolridge, 1996).
The set of dependent variables comprises (i) FEMALE

indicates gender; (ii) AGE is a continuous variable indi-
cating age; (iii) FARMSIZE informs about the size of the
farm in hectares, (iii) POT indicates the portion of land
used to grow potatoes; (iv) MARIS indicates whether the
farmer grows the traditional variety or not; (v)CONTRACT
denotes whether farmers usually stipulate contracts or not
for the Maris Piper variety; (vi) QSR-A indicates whether
subjective probabilities were elicited using the QSR-A.
The latter variable was included to further test if subjec-
tive probabilities elicited via the QSR-A differ from those
elicited via the QSR-C.19
Results, presented in Table 3, confirm that subjective

probabilities elicited using the QSR-A do not differ from
those elicited via the QSR-C. In fact, the coefficient βQSR-A
is not statistically significant. The negative and statisti-
cal significant coefficients βPOT (p < 0.05) and βCONTRACT
(p < 0.10) indicate that subjective probabilities associated
with the bad state of the world (i.e., the WAP for the tra-

18 Results are provided in Table G.2 and Figures G.2 and G.3 in the online
Supplementary Appendix G. As the sizes of the two subsamples are small,
these results are not conclusive. Further research is needed on the topic.
19 Summary statistics of these variables are presented in Table G.3 in the
online Supplementary Appendix G.

TABLE 3 GLM estimation of factors affecting subjective
probabilitiesa

Dependent variable: p1,unbiased
b Model 1

βQSR-A 0.325
(0.285)

βFARMSIZE 0.001
(0.001)

βPOT −0.010**

(0.005)
βMARIS 0.280

(0.293)
βCONTRACT −0.473*

(0.285)
βFEMALE 0.776

(0.506)
βAGE -0.004

(0.011)
β −0.134

(0.727)
Observations 40
Pseudo-log-likelihood −17.146

Notes: ***p < 0.01; **p < 0.05; *p < 0.10.
aRobust standard errors in parentheses.
bPooled unbiased probabilities related to the event 1 (QSR-C + QSR-A).

ditional variety will be lower than £160/tonne) decrease
when the number of hectares used to grow potatoes in the
farm increases and when farmers usually sign contracts
with buyers, respectively. Hence, farmers who produce
more potatoes and sign contracts tend to underestimate the
probability of the bad outcome, compared to other farmers.
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TABLE 4 Certainty equivalents elicited in task 2 (UL) and 3 (RL) (in £)

Variable Observations Mean Standard deviation Minimum Maximum
CE(UL) 40 171.012 5.303 157.500 182.000
CE(RL) 40 174.200 2.992 166.500 178.000

5.2 Certainty equivalents from tasks 2
and 3

Table 4 summarizes main statistics of CEs elicited in tasks
2 and 3. The CE is the midpoint between the lowest sure
payoff that each farmer decides to take and the highest
sure payoff for which the farmer prefers to play the lottery.
A Wilcoxon signed-rank test (for matched pairs) indicates
that CE(RL) is higher than CE(UL). This result suggests
that, on average, farmers’ utility functions are more con-
cave under uncertainty than under risk. Therefore, farm-
ers are more averse to uncertainty than risk.20 Table 4 also
shows that the standard deviation of the CE(UL) is higher
than the standard deviation of the CE(RL), suggesting that
there is more variability in CE(UL) than CE(RL).21,22
A feasible generalized least squares (FGLS) model for

panel data is estimated to explore the influence of farm-
ers’ socioeconomic and holdings’ characteristics on CEs
elicited from tasks 2 and 3 (Model 2). FGLS allows estima-
tion in the presence of AR(1) autocorrelationwithin panels
and a heteroscedastic error structure. This estimation pro-
cedure was used because each farmer provided two CEs.
In Model 2, the dependent variable is CE, which pools

CE(UL) and CE(RL). The set of dependent variables com-
prises (i) FEMALE; (ii) AGE; (iii) FARMSIZE; (iv) POT; (v)
MARIS; (vi)CONTRACT; (vii)NEWVAR indicates whether
the farmers have used a new variety of potatoes in the last
5 years; and (viii) MPL-U informs on whether the CE is
elicited via the CE MPL-U (CE(UL)). The latter variable
was included to investigate further the potential difference
of CE between risky and uncertain scenarios.
Estimation results are provided in Table 5. The negative

and statistically significant coefficient βMPL-U (p < 0.01)
confirms that farmers are more averse to uncertainty than
risk. The positive and statistically significant coefficients

20 To facilitate comparison with previous empirical studies, uncertainty
and risk preferences are also reported in terms of CRRA in Table H.1 in
the online Supplementary Appendix H. A visual comparison of CE(UL)
and CE(RL) is provided in Figure H.1, while results from the Wilcoxon
signed-rank test are reported in Table H.2.
21 Results from the Levene’s test (W = 11.146) and the Kruskal–Wallis test
(χ2 = 15.411) indicate that variances are statistically different across tasks
(p < 0.01).
22 Despite multiple switching is commonly observed in the previous
empirical studies using MPL, there was little evidence of this phe-
nomenon in this study (only two farmers switched more than once). A
comparison with the most recent literature is provided in Tables I.1 and
I.2 in the online Supplementary Appendix I.

TABLE 5 FGLS estimation of factors affecting elicited CEsa

Dependent variable: CEb Model 2c

βMPL-U −3.199***

(0.165)
βFARMSIZE 0.004***

(0.001)
βPOT 0.026***

(0.007)
βCONTRACT 0.364

(0.905)
βNEWVAR 3.302***

(0.760)
βFEMALE −8.473***

(1.314)
βAGE −0.041

(0.033)
β 176.578***

(1.816)
Observations 80
Number of IDs 40

Notes: ***p < 0.01; **p < 0.05; *p < 0.10.
aRobust standard errors in parentheses.
bPooled certainty equivalents (task 1 + task 2).
cPanel model with common AR(1) = 0.806.

βFARMSIZE (p< 0.01) and βPOT (p< 0.01) indicate that farm-
ers, who own larger farms and grow more potatoes, are
less averse to risk and uncertainty. These results are plau-
sible and confirm previous findings by Picazo-Tadeo and
Wall (2011). The coefficient βNEWVAR is positive and statis-
tically significant (p < 0.01) indicating that farmers, who
have already adopted new varieties in the past, are less
averse to risk and uncertainty. The coefficient βFEMALE is
negative and statistically significant (p < 0.01), suggesting
that female farmers aremore averse to risk and uncertainty
thanmales. This is a common finding in the literature (e.g.,
Eckel & Grossman, 2002, 2008).23

23 The set of independent variables used in this section is limited as com-
pared to previous empirical applications in the literature. A discussion
on this issue is provided in the online Supplementary Appendix J. In
the same appendix, details of an alternative modeling approach are pre-
sented. This approach aims to disentangle the effect of sociodemograph-
ics and holdings’ characteristics on risk and uncertainty preferences. Esti-
mation results are in reported in Table J.1.
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5.3 Risk and uncertainty preferences
via MLE

5.3.1 Modeling approach and
parametric structure

Contract A is equal in tasks 2 and 3. It provides a certain
price y for planting the new potato variety. The utility of
contract A is

𝑈 (𝐴) = 𝑢 (𝑦) . (2)

The utility of contract B differs across tasks. Contract B
is a lottery with known probabilities qk in the CE MLP-R
task and is modeled using standard expected utility theory
(EUT) (von Neumann & Morgenstern, 1947):

𝐸𝑈 (𝐵) =

𝐾∑
𝑘

𝑞𝑘 𝑢 (𝑥𝑘) . (3)

The utility of x is defined as 𝑢(𝑥) = 𝑥1−𝛼∕1 − 𝛼, where
α is the CRRA and informs about the curvature of the util-
ity function under risk. Under this specification, (i) α < 0
denotes risk-loving behavior; (ii) α= 0 denotes risk neutral
behavior; and (iii) α > 0 denotes risk averse behavior.
Contract B is a lottery with unknown probabilities pk

in the CE MLP-U task and is modeled using subjective
expected utility theory (SEU) (Savage, 1954):

𝐸𝑈 (𝐵) =

𝐾∑
𝑘

𝑝𝑘 𝑣 (𝑥𝑘) . (4)

The utility of x is defined as 𝑣(𝑥) = 𝑥1−𝛽∕1 − 𝛽. The
coefficient β informs about the curvature of the utility
function under uncertainty.
The use of SEU for modeling utility of Contract B in CE

MLP-U implies that subjective probabilities p1 elicited via
the task 1 are plugged into Equation (4). In this paper, three
specifications of the SEUmodel (in Equation 4) are formu-
lated and estimated:

1. Model 3: Unbiased (or corrected) subjective probabili-
ties pk are plugged into Equation (4). This model esti-
mates uncertainty preferences while controlling for the
presence of unbiased subjective probabilities.

2. Model 4: Biased subjective probabilities pk are plugged
into Equation (4). This model allows exploring the
impact of using biased subjective probabilities on esti-
mated uncertainty preferences.

3. Model 5: This model does not control for subjective
probabilities. It is estimated to show the results we
would have obtained, if we had no knowledge of farm-

TABLE 6 MLE procedures to estimate risk and uncertainty
preferencesa,b

Dependent variable: CHOICEc Model 3d Model 4e Model 5f

α 0.189*** 0.189*** 0.189***

(0.063) (0.063) (0.063)
β 1.787*** 1.450*** 0.818***

(0.609) (0.464) (0.078)
μ 0.394 0.394 0.394

(0.342) (0.342) (0.342)
φ 5.806* 4.424* 3.425***

(3.067) (2.336) (0.375)
H0: α = β 6.810*** 7.260*** 39.540***

H0: μ = φ 8.430*** 8.100*** 7.720***

Observations 800 800 800
Log-likelihood −388.725 −377.311 −272.444

Notes: ***p < 0.01; **p < 0.05; *p < 0.10.
aRobust standard errors in parentheses.
bα and β are parameterized using Andersen et al.’s parameterization (2008).
cCHOICE = 1 if Contract A is chosen, = 0 otherwise.
dControl using unbiased subjective probabilities.
eControl using biased subjective probabilities.
fNo control for subjective probabilities.

ers’ subjective probabilities and we assumed that farm-
ers attached the same probabilities to the two possible
states of the world (i.e., price outcomes) (p1 = p2 = 0.5).
This replicates the assumption that researchers are
forced to make in an abstract Ellsberg-type experiment:
subjects believe the urn is “fair.”

5.3.2 Stochastic specification and
estimation procedures

Our modeling approach relaxes the assumption that
farmers make deterministic choices (without random
mistakes). In the risky scenario (CE MPL-R in task 3),
the ratio ∇𝐸𝑈 = 𝐸𝑈(𝐵)1∕𝜇∕(𝐸𝑈(𝐴)

1∕𝜇
+ 𝐸𝑈(𝐵)

1∕𝜇
)

is calculated for each lottery pair (i.e., Contract A and
Contract B), where EU(A) refers to the utility of Contract
A and EU(B) refers to the utility of Contract B. The
term μ needs to be estimated and indicates a Fechner
error (i.e., noise parameter) (Fechner, 1860). Under this
specification, if μ tends to 0, choices are determinis-
tic (i.e., there is no noise). As μ gets larger, choices
become more stochastic (i.e., more noisy) (Harrison
& Rutström, 2008).24 In the uncertainty scenario (CE
MPL-U in task 2), a similar specification is implemented:
∇𝐸𝑈 = 𝐸𝑈(𝐵)1∕𝜑∕(𝐸𝑈(𝐴)

1∕𝜑
+ 𝐸𝑈(𝐵)

1∕𝜑
). The term

24 A more detailed explanation of the interpretation of this coefficient is
provided in the online Supplementary Appendix K.
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TABLE 7 Tests based on the convolution approacha,b

p value
Null hypothesis (H0) Model 3c vs. Model 4c Model 3c vs. Model 5d Model 4c vs. Model 5e

α = α 0.499 0.501 0.501
β = β 0.332 0.064* 0.094*

μ = μ 0.500 0.501 0.501
φ = φ 0.362 0.235 0.352

Notes: ***p < 0.01; **p < 0.05; *p < 0.10.
aConfidence intervals [5%, 95%],
bα and β are parameterized using Andersen et al.’s parameterization (2008).
cControl using unbiased subjective probabilities.
dControl using biased subjective probabilities.
eNo control for subjective probabilities.

φ needs to be estimated and indicates the noisiness of
choices under uncertainty. The log-likelihoods used to
perform MLE estimations are presented in the online
Supplementary Appendix L. Parameters α, β, μ, and φ
are jointly estimated using MLE procedures (following
Andersen et al., 2008, 2014).25

5.3.3 MLE results

Results from the MLEs are reported in Table 6.26 MLE of
Model 3 controls for unbiased (corrected) subjective prob-
abilities. The positive and statistically significant coeffi-
cients α (0.189; p < 0.01) and β (1.789; p < 0.01) denote
that farmers are averse to risk and uncertainty, on aver-
age. A Wald test suggests that farmers are more averse
to uncertainty than risk (p < 0.01). The estimated coeffi-
cient under risk (α) is consistent with those reported in
previous studies investigating European and U.S. farmers.
These range from0.140 (Reynaud&Couture, 2012) to 0.788
(Bocquého et al., 2014). In contrast, the coefficient esti-
mated under uncertainty (β) is greater than the 0.790
reported by Barham et al. (2014), which remains the most
similar study to the one presented here. This discrepancy
may be due to the fact that Barham et al. (2014) used
a noncontextualized experiment.27 The Fechner’s coeffi-
cient in the risk domain (μ) is not statistically signifi-
cant, while it (φ) is statistically different from 0 in the
uncertainty domain (p < 0.10). This suggests that farmers’
choices under uncertainty are less deterministic (noisier)
than under risk.28

25 Considerations on observed and unobserved heterogeneity are pro-
vided in the online Supplementary Appendix M.
26 Summary statistics of variables used in Models 3–5 are presented in
Table N.1 of the online Supplementary Appendix N.
27 A more detailed comparative analysis with previous literature is pre-
sented in the online Supplementary Appendix O.
28 It is possible that order effects have an impact on the noisiness of prefer-
ences via learning or fatigue. Farmers always face the CEMPL-R after the

The MLE of Model 4 controls for biased subjective
probabilities, while the MLE of Model 5 does not control
for subjective probabilities. Estimated coefficients of
risk aversion (α) are not statistically different across
model specifications as suggested by results from the Poe,
Giraud, and Loomis (2005) tests (P-test hereafter) based
on the convolution approach (Table 7).29 This indicates
that there is no evidence that controlling for subjective
probabilities affects estimated risk preferences. Estimated
Fechner’s coefficients (μ) in the EUT framework are not
statistically different across model specifications based on
P-tests (Table 7). Hence, there is no evidence that control-
ling for subjective probabilities impacts the noisiness of
choices made under conditions of risk. These results were
expected as subjective probabilities should not influence
behavior in the EUT framework.
In contrast, substantial differences among coefficients

of uncertainty aversion (β) are detected across models
(= 1.787 in Model 3; = 1.450 in Model 4; and = 0.818 in
Model 5; all statistically significant at p < 0.01). P-tests
indicate that failure to control for the presence of subjec-
tive probabilities has a significant impact on estimated
uncertainty aversion (p < 0.10). Specifically, failure to
incorporate subjective probabilities into the modeling
generates an underestimation of uncertainty aversion.
P-tests show that coefficients φ are not statistically differ-
ent across model specifications in the SEUT framework
(Table 7). Again, there is no evidence that controlling for

CEMPL-U task. Therefore, if order effects lead to learning, choices under
uncertainty should be noisier than under risk. In contrasts, if order effects
lead to fatigue, choices under uncertainty should be less noisy than under
risk.
29 Parametric bootstrapping techniques (i.e., Krinsky & Robb, 1986) are
implemented to generate 1,000 bootstrapped values for coefficients αs
estimated in Models 3–5 (reported in Table P.1 in the online Supplemen-
taryAppendix P), and pairwise comparisons between bootstrapped distri-
butions are conducted. The test is based on the calculation of 1,000,000
differences between the two bootstrapped distributions under investiga-
tion.
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subjective probabilities impacts the noisiness of choices
made under conditions of uncertainty.30

6 CONCLUSIONS

Recently, a small number of studies elicited farmers’ risk
preferences using contextualized field experiments. While
adding context can undermine the internal validity of
experimental results, such experiments are increasingly
used by applied economists because of their potential to
improve the external validity and increase subjects’ under-
standing of experimental instructions and tasks. Contex-
tualized field experiments were never used to elicit farm-
ers’ uncertainty preferences. This paper aims to fill this gap
in the literature. Eliciting uncertainty preferences using
contextualized field experiments is not straightforward. It
requires controlling for farmers’ subjective probabilities
regarding the uncertain agricultural outcomes used to con-
textualize the experiment.
In this paper, a new approach to elicit uncertainty pref-

erences using contextualized field experiments was devel-
oped. This approach consisted of two stages. In the first
stage, subjective probabilities regarding uncertain agri-
cultural outcomes (i.e., potato varieties’ future prices)
were elicited using monetary incentives and an incentive
compatible elicitation technique, the QSR. Theoretically,
the use of the QSR guarantees the elicitation ofmore truth-
ful beliefs with respect to hypothetical surveys and repre-
sents a novelty in the literature investigating farmers’ sub-
jective probabilities.
In the second stage, subjective probabilities were used

to estimate uncertainty preferences regarding future prices
of potato varieties via MLE procedures. Farmers’ behav-
ior under uncertainty was observed using an incentivized
and incentive compatible elicitation method, the CEMPL.
The contextual framing used in the CEMPL task related to
farmers’ decisions to sign different typologies of contracts
with buyers. These contracts implied growing traditional
or new potato varieties under different degrees of price
uncertainty. A contextualized CE MPL was also used to
elicit farmers’ risk preferences. A sample of Scottish potato
farmers participated in the study.
Results from the estimation of Fechner models using

MLE procedures suggest that controlling for subjective
probabilities is important when eliciting farmers’ prefer-
ences toward uncertainty. Failure to do so can generate an

30 Alternative modeling approaches were generated and estimated using
MLE to check the robustness of results. Results from these additional esti-
mations are provided in the online Supplementary Appendix Q (Tables
Q.1, Q.2, Q.3, and Q.4). These results are consistent with those presented
in the paper.

underestimation of elicited preferences. In addition, farm-
ers were substantially more averse to uncertainty than risk
and their choices were more deterministic (i.e., less noisy)
under risk than uncertainty. Estimation results indicated
that farm’s characteristics had an effect on risk and uncer-
tainty preferences. Farm size, hectares of farms used to
grow potatoes, and previous experience in growing new
varieties reduced aversion to risk and uncertainty. Female
farmers were more averse to risk and uncertainty than
males.
The present study presents some limitations. The use

of new crop and traditional varieties in our design may
generate a potential confounding. Farmers may be poten-
tially exposed tomultiple sources of uncertainty during the
tasks: uncertainty about financial outcomes (future prices)
and uncertainty about nonfinancial outcomes, such as
resistance to damages, disease, and pests. This potential
problem is minimized thanks to the detailed informa-
tion regarding the characteristics of the new potato vari-
ety (compared to the traditional one) that was provided to
farmers in the experimental instructions.
Another limitation could be the small sample size. This

casts doubt on its representativeness. However, this is
a minor problem given the methodological focus of the
study. A final possible limitation is the use of a virtual
currency that generates small real payoffs. The effect of the
size of monetary prizes on risk aversion has been widely
investigated in the literature (e.g., Harrison, Johnson,
McInnes, & Rutström, 2005; Holt & Laury, 2005), but
further research is recommended to explore this effect
when contextualized experiments are used.
The present paper has the potential to stimulate further

research on the use of contextualized filed experiments to
elicit farmers’ uncertainty preferences and subjective prob-
abilities. For example, further research could incorporate a
counterfactual treatment inwhich uncertainty preferences
will be elicited using a noncontextualized experiment. This
experimental design will allow testing whether our inno-
vative approach increases the external validity of elicited
uncertainty preference and improves farmers’ understand-
ing of experimental instructions and tasks with respect to
standard noncontextualized experiments.
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