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Abstract

The predominant way of eliciting risk attitudes is to ask decision-makers to choose between discrete monetary lotteries with
known probabilities attached to the payoffs. Yet, arguably, most choices made day-to-day entail continuous outcomes where
objective distributions are unknown. This paper investigates responses to continuous “prospects,” employing parametric
methods based upon prospect theory under conditions of risk and uncertainty. We find that behavior under uncertainty
seemed to mirror that of risk, but there appear to be some differences in how participants dealt with the uncertainty frame
compared to risk. Participants appear not to treat “equally likely” outcomes as being “equally likely,” thus demonstrated
cumulative probability warping suggested by prospect theory. Participants’ behavior was difficult to fully reconcile with pros-
pect theory, at least to the extent that it is commonly parameterized, perhaps due to endpoints (in particular zero endpoints)
being “salient.” Since continuous interval densities have zero mass at zero, this result is curious and has not been reported in
experiments using discrete lotteries. We conjecture that although participants on one level understood the nature of the
continuous prospects, the format induced a focus on endpoints over and above what would be warranted by the objective
distributions given to them.

Keywords
risk, uncertainty, cumulative prospect theory, continuous prospect

Introduction These two important points regarding the preceding
literature, that is, the number of studies skewed toward
the measurement of risk compared to uncertainty and
the lack of studies investigating attitudes to risk and
uncertainty using continuous prospects, motivates this
paper. By measuring risk and uncertainty attitudes using
continuous prospect experiments, this paper investigates
whether there is the potential to examine behavior using
the sort of choices that better correspond to the choices
people make in their day-to-day lives without placing a
significant cognitive burden on respondents.

First, much has been reported about people’s risk atti-
tudes' and, to a significant but lesser extent, their atti-
tudes to uncertainty. There has often been an implicit
assumption that behavior under risk naturally transfers
to behavior under uncertainty, although several studies
(e.g., Chateauneuf & Wakker, 1999; Knight, 1921; Sarin
& Wieland, 2016; Tversky & Fox, 1995) have provided
justification or empirical evidence that individual
decision-makers (DMs hereafter) have distinct attitudes
to risk and uncertainty.

Second, discrete monetary lotteries with known prob-
abilities attached to the payoffs have been the predomi- 'University of Reading, Whiteknights, UK
nant way of eliciting risk attitudes within an  2Scotland’s Rural College (SRUC), Edinburgh, UK
experimental setting. However, many or perhaps most
decisions are not about discrete but rather continuous  Corresponding Author:

. . . Toritseju Begho, Rural Economy, Environment & Society, Scotland’s Rural
outcomes. Thus, while using discrete prospects may seem College (SRUC), Peter Wilson Building, King’s Buildings, West Mains Road,
convenient to those seeking to elicit risk attitudes, they Edinburgh EH9 3)G, UK.
may be unfamiliar to decision makers. Email: Toritseju.Begho@sruc.ac.uk
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We obtained our data by conducting a lab-in-the-field
experiment, presenting pairs of “interval” or “continu-
ous” prospects to farmers under conditions of risk and
uncertainty. Attitudes toward risk, as opposed to uncer-
tainty, were elicited by specifying that all outcomes over
a given interval were “equally likely” (i.e., uniform). On
the other hand, uncertainty attitudes were elicited by spe-
cifying that one outcome within a given interval would
be realized but without the specification of an associated
probability density or distribution. There is prima facie a
case for believing that DMs will treat the probability of
outcomes similarly across risk and uncertainty under
these conditions. Under Expected Utility (EU), DMs
should employ a uniform distribution under risk,
whereas under subjective EU (SEU), DMs might employ
a uniform distribution under the so-called “principle of
insufficient reason” (Sinn, 1980). Our approach under
both risk and uncertainty is to estimate respondents’
probability distribution as a generalized beta form
(which nests uniformity as a special case).

This paper employs the same parametric structure
under both risk and uncertainty. The cumulative pros-
pect theory (CPT) interpretation under risk is that the
estimated beta distribution is the consequence of a trans-
formed cumulative uniform distribution, whereas, under
uncertainty, the beta distribution represents the subjec-
tive distribution employed by respondents. The use of
this approach in the context of uncertainty can further
be justified given the connection between Choquet EU
and (cumulative) prospect theory. As has been shown (in
Sarin & Wakker, 1994), the cumulative version of the PT
model is equivalent to Choquet EU, where first-order
stochastic dominance is preserved. We derive the esti-
mates of the CPT parameters from a Hierarchical
Bayesian Logit.

We proceed as follows. In section 2, we review the lit-
erature on elicitation techniques, procedural issues, the-
ories, and methods for estimating attitudes to risk and
uncertainty. Section 3 discusses the methodologies and
outlines the experiment. In section 4, we present the
empirical results, discuss the findings in section 5, and
conclude the paper in section 6.

Literature Review

The Case for Examining Risk and Uncertainty
Attitudes With Non-Standard Subject Pools

Many studies on experimental measures of risk aversion
are conducted using student subjects, often referred to as
a standard subject pool. However, more accurate mea-
sures of risk attitudes and conclusions about the beha-
vior of non-standard subjects (farmers in our case) are
obtained if the experimental subjects are farmers rather
than a typical subject pool of university students.

In an agricultural context, several decisions are not
about discrete but rather continuous outcomes. For
example, a farmer’s daily commute time to the farm, the
yield of a crop, the change in asset price, or the interest
rate on a loan. Besides, risk attitudes have been reported
to influence numerous farm decisions, including climate
change adaptation strategies (Jianjun et al., 2015), adop-
tion of improved varieties, technologies, and practices
adoption (Begho, 2021; Liu, 2013; Simtowe, 2006), crop
diversification (Bezabih & Sarr, 2012), off-farm diversifi-
cation (Ullah et al., 2016) credit (Saqib et al., 2016), sav-
ing (Ullah et al., 2015), or insurance (Sherrick et al.,
2004).

The ubiquity of uncertainties in agriculture also moti-
vates the focus on examining farmers’ attitudes in this
paper. Although there are numerous studies that mea-
sure risk attitude with experimental data, there are sub-
stantially fewer studies on farmers’ attitudes under
uncertainty (Cerroni, 2020 also drew attention to this
gap in the literature). Further, several papers in the liter-
ature have provided justification for disentangling risk
and uncertainty among farmers using experimental
methods (e.g., Barham et al., 2014; Bougherara et al.,
2017; Cerroni, 2020). These studies, for example, provide
evidence that farmers display noisier choices under
uncertainty and a greater aversion to uncertainty. In
addition, the findings (e.g., Menapace et al., 2016) that
farmers’ risk attitudes were not homogenous when eli-
cited from different experimental methods with varying
levels of cognitive requirements call attention to the need
for research focusing on how risk and uncertainty among
non-standard pools are measured.

A Synthesis of the Risk Elicitation Methods and
Findings in Previous Studies

Lottery-style tasks have featured significantly in studies
of both normative and descriptive decision theories. A
considerable number of authors have applied, modified,
or adopted the Ordered Lottery Selection designs (OLS),
for example, Binswanger (1980), Multiple Price List
(MPL) designs, for example, Holt and Laury (2002),
Becker, Degroot and Marshak (BDM) Design, for exam-
ple, Becker et al. (1964), the Random Lottery Pair
Designs, for example, Hey and Orme (1994), bespoke
methods, for example, Balcombe et al. (2019) among
others in real and hypothetical cases.

Many studies have reported inconsistencies when eli-
citation techniques are applied to artefactual experiments
(see Brick et al., 2012; Charness & Viceisza, 2016).
Reynaud and Couture (2012), in their comparison of
Eckel and Grossman (EG) vs Holt and Laury (HL), also
report that risk preferences are affected by elicitation
methods. Prokosheva (2016) and Ihli et al. (2013)
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corroborate this argument by documenting inconsistency
in elicitation methods. Other studies have documented
different estimates of risk aversion from different elicita-
tion methods.

It has been argued (e.g., in Jacobson & Petrie, 2007;
Taylor, 2016) that these inconsistencies arise from peo-
ple’s cognitive limitations. Comparison between elicita-
tion techniques using the same participants has shown
that comprehension plays a role. For instance, the EG
method is reported to outperform the HL task in terms
of ease of comprehension and reliability (see Dave et al.,
2010). Similarly, Cook et al. (2013) reported a high per-
centage of misunderstanding in a modified HL task, even
when an effort was made to modify the task to the level
of participants. Csermely and Rabas (2015) corroborated
these findings and reported that varying both the possi-
ble outcomes and probabilities imposes a cognitive bur-
den that leads to inconsistencies.

Theories for Representing Choices Under Risk and
Uncertainty

To model attitudes toward risks and uncertainty, several
methods have been proposed. A large number of studies
have adopted or modified the EU theory (Von Neumann
& Morgenstern, 1944), the SEU theory (Savage, 1954), or
the Weighted EU model (Chew & MacCrimmon, 1979;
Fishburn, 1983). These theories suggest that DMs choice
is determined by comparing expected values, and the EU
function is linear in probabilities whether decisions are
taken under risk or uncertainty. Although the EU theory
(EUT) or its subjective variant arguably remains the
benchmark theory of decision-making under risk, EUT or
subjective EUT has well-known empirical limitations.
Allais (1953), Ellsberg (1961), and Tversky and Kahneman
(1981) have discussed these limitations in detail.

Non-EU theories that have shaped the economics lit-
erature include Prospect theory (Kahneman & Tversky,
1979), Rank Dependent Ultility theory (Quiggin, 1982),
Cumulative Prospect Theory (Tversky & Kahneman,
1992), Salience theory (Bordalo et al., 2012), and Regret
and Disappointment theories (Bell, 1985; Fishburn, 1984;
Loomes & Sugden, 1982). The Cumulative Prospect the-
ory (CPT; Tversky & Kahneman, 1992) combines the
concepts of the rank-dependent utility theory with their
earlier prospect theory (Kahneman & Tversky, 1979).
Although these theories and models have been widely
applied, they have not been exhaustively tested in experi-
mental contexts, especially beyond discrete lotteries.

It is likely that the better elicitation methods reflect
familiar problems, the better they will induce responses
that correspond to “real” behavior. Therefore, our goal
is to explore the use of continuous prospects since we
contend that many or most of the real prospects faced by

DMs are continuous. There have only been a few studies
that employ continuous prospects, including Kothiyal
et al. (2011) for Prospect Theory, Kontek (2009) for
Relative Utility Theory; and Davies and Satchell (2004),
Rieger and Wang (2008), Giirtler and Stolpe (2011), Tian
et al. (2012), and Nardon and Pianca (2019) for CPT.
Notably, none of these studies has focused on extending
pairwise continuous outcomes to uncertain prospects.
The closest approach to that adopted by this paper is
Kontek (2009) which examines risk attitudes only, using
both discrete and continuous distributions within the
gain, loss, and mixed domains.

Materials and Methods
A Description of CPT for Continuous Prospects

As outlined in Section 2, we follow the cumulative var-
iant of Prospect theory by Tversky and Kahneman
(1992), wherein the responses to alternative prospects
are dependent on the DM’s sensitivity to outcome and
probabilities, and the relative weights the DM assigns
to losses and gains. The case of continuous distribu-
tions is formalized by Kothiyal et al. (2011) for both
risk and uncertainty. In this case, we take a prospect P
which specifies the density at any given real finite value
x and for which this is a value function v(x) at each
point. For this, we can assign a probability that the
value will lie within a specified interval X denoted as
(P(X)) as:

U(P) = j o (P(x € X(v) : v(x) =1)dT
R+

— J o (P(x € X)) : v(x) <7)dT (1)
R—

Where w denotes a weighting function that differs in the
positive and negative domains. The value function we
adopt takes the form of a power function in which
responsiveness to gains and losses is distinguished by
means of the coefficient*(\) given as:

£ forx=0
v(x) = { (2)

—)\(—)C)B for x<0

The curvature of the value function for gains and losses
is obtained from the parameters a and B, respectively.
Under CPT, as outlined above, respondents transform
the decumulative distribution in the “Gain domain” and
the cumulative distribution in the “Loss domain.” This
approach, when combined with the particular transfor-
mation function employed by Tversky and Kahneman
(1992), implies that (as opposed to linecar weighting)
small probabilities to the largest gains should be
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(potentially) overweighted in the Gain domain and small
probabilities to the largest loss be (potentially) over-
weighted in the Loss domain. While this approach has a
behavioral interpretation, observationally, it does not
matter whether the distorted distribution employed by
respondents is derived from a cumulative or decumula-
tive distribution, providing the transformations
employed (on either the cumulative or decumulative dis-
tribution) allow for outcomes consistent with the over-
weighting schemes predicted under CPT (e.g., an inverse
S transformation for the largest gain in the Gain domain
and largest loss in the Loss domain).

Under expected utility and a uniform distribution for
all values within a specified region, the equation in (1)
collapses to a simple integral of utility over the specified
interval, which can be approximated by treating the con-
tinuous lottery as a high dimensional discrete lottery
(e.g., by assigning equal weight to 100 outcomes equally
distributed across the interval). However, assuming the
functions »* and ™ in equation (1) are not uniform,
then (1) can be approximated by computing the expected
utility where the weights given to each outcome are deter-
mined by two beta distributions (one for the Loss domain
and one for the Gain domain). Thus, for a continuous
prospect for the interval (a,b), the distribution for payoffs
(x) is of the Beta form.

Ty +9) (29" =)
TyIG)  b-a

0 otherwise

Sapewa(x|¥, 8, a,b) = x € (a,b)

(3)

Where I'( - ) is the Gamma function and y and 8 are the
shape parameters.

For computation, we treat the continuous lotteries as
high dimensional discrete lotteries with probability
masses assigned to a set of points spread over a given
interval (a, b), with the probability masses given by the
beta distribution in equation (3) defined on y* and 8
in the Gain domain and vy~ and &~ in the Loss domain.
Therefore, the expected utility under the area defined by
the beta distributions converges on that defined under
equation (1), nesting the expected utility under uniform
distribution as a special case (y and 8 = 1)

With V(4) and V(B) denoting the systematic utility
associated with the prospects A and B, respectively, the
probability of choosing prospect A over B is, assuming a
random Gumbel error

!
[T o oA 0®) (4)

P(U(4),U(B)) =

where the parameter ¢ (response/choice sensitivity para-
meter) measures arbitrariness in the DM choice. The
closer @ is to zero, the greater the randomness of choices.

Key
= b 6
A ype
— B
Type7 S
| Type 5
Type 3 Type1
Type 4
—_— Type 2
Loss Gain

Figure |. Types of prospect pairs.

Note. Type | and Type 2 are subtasks framed as a gain, Type 3 and Type 4
are subtasks framed as a loss while Type 5, Type 6, and Type 7 are subtasks
which consist of both gains and losses.

For details of different value, weighting and choice of
functional forms, refer to Stott (2006) and Balcombe and
Fraser (2015).

The CPT model estimated in this paper is a hierarchi-
cal Bayesian specification that allows for heterogeneous
responses across respondents. We formulate a Bayesian
prior for a bounded distribution on the vector of para-
meters 0. The rationale behind setting these bounds is to
ensure that the range of the parameters corresponds
broadly to results in the existent literature.

Experiment Design and Implementation

The data estimated in this paper was obtained from
Nigerian farmers using a lab-in-the-field experiment over
continuous outcomes for both uncertainty and risk. In
each case, respondents were given finite intervals over
which outcomes could occur. The objective density used
for the case of risk was a uniform one since this, we
believe, is the most understandable form to people unfami-
liar with the concept of a probability distribution. By con-
trast, for the case of uncertainty, no objective distribution
for outcomes was specified; therefore, the probabilities of
different outcomes were determined by the respondent.

The Prospects Format. The experiment used in this paper
was designed to examine participants’ risk and uncer-
tainty attitudes by observing their preference over a series
of prospect pairs. We employed seven (7) types of pros-
pect pairs, as presented in Figure 1. In each of the seven
(7) types, the top prospect (prospect A hereafter) was
more “risky” by having a greater variance than the bot-
tom prospect (prospect B hereafter).
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Type 1 is unconstrained in the Gain domain. For
example, under conditions of risk, a DM is equally likely
to earn any amount between 4,280 and 7,358 if the
DM chooses Prospect A, while for Prospect B, the DM is
equally likely to earn any amount between 5,361 and
’]6,315. Type 2 has the lower bound of prospect A at
zero in the Gain domain. For example, the DM is equally
likely to earn any amount between ’-0 and 8,662 if the
DM chooses Prospect A; while for Prospect B, the DM is
equally likely to earn any amount between N3,579 and
}6,108.

Comparing Type 1 to Type 2, it becomes clear that
while both are within the Gain domain, the lower limit
of prospect A in Type I is always greater than zero,
unlike Type 2, where the lower limit of prospect A is
always “pegged” at zero. In summary, Type I is uncon-
strained in the Gain domain. Type 2 has the lower bound
of prospect A at zero in the Gain domain. Type 3 is
unconstrained in the Loss domain. Type 4 has the upper
bound of prospect A at zero in the Loss domain. Type 5
is unconstrained in the mixed domain. Type 6 has the
lower bound of prospect B constrained to zero with
Prospect A in the mixed domain, while Type 7 has the
upper bound of prospect B constrained to zero with
prospect A in the mixed domain. The essence of the dif-
ferent types® was to cover as many domains and as wide
a range as possible.

The prospects were computer-generated random uni-
form lotteries on the 0 to 100 interval where 0 is the min-
imum and 100 the maximum values. Several (n = 500)
prospects pairs of each of the seven types were generated
in the first instance. The utilities and certainty equiva-
lents of the lotteries were then calculated for a ladder of
six “anti-symmetric” power utilities which spanned from
substantial risk-seeking to strong risk aversion (2|2,
1.25/1.25, 0.99(0.99, 0.5/5, 0.1/0.1, and 0.05/0.05).
Prospects pairs were kept if there would be a switch from
one of the prospects to another over these range of pre-
ferences. Thus, a prospect pair was retained when there
was a difference in the certainty equivalents that would
ensure there would be a difference in the choices made
by participants with different “risk” profiles. Then, the
prospect pairs were ranked according to those where
switches would be made at different points in the risk
preference ladder (for all seven types). Finally, a subset
of the prospect pairs was chosen which had a range of
switching points at different points in the ladder.

Each participant was required to make a series of
choices between Prospects A or B. For the choice tasks,
in the beginning, Prospect A had a smaller expected value
(EV) compared to Prospect B, and as such, a risk averse
participant is expected to choose Prospect B over A. As
the EV of Prospect A becomes larger than B in subse-
quent choice pairs, a risk averse participant is expected to

switch to Prospect A from B. However, a unique switch-
ing point was not imposed or required. Each participant
was presented with a selection of pairs as prospect choice
tasks spread across the different content domains under
risk and uncertainty. The prospects for risk and uncer-
tainty were largely similar but not identical since we did
not wish respondents to simply repeat their choices from
one context in another. However, the main difference
was the introduction of the “equally likely” concept for
the risk experiment, while in the case of uncertainty, this
information was not provided.

A pilot* experiment was conducted (using the target
group, i.e., smallholder farmers in Nigeria) to determine
how well the questions were understood and whether
each respondent consistently gave the content of each
question the same meaning. The pilot made it possible to
identify ambiguous attributes within the experiment. For
example, words such as gambles or lottery were frowned
upon by respondents of certain cultures and religions;
hence we used terms such as prospects in the main
experiment.

The “Equally Likely” Concept and Risk Versus
Uncertainty. The term equally likely was communicated
to participants as a case where all events of a sample
space have the same likelihood of occurring. To ensure
that respondents understood the concept, we demon-
strated “equally likely” with the aid of a wheel spinner.
First, we presented a range of possible payoffs, for exam-
ple, 4,280 to 7,358, which could be hypothetically
earned from a single spin. Then we requested that each
respondent pick an outcome randomly within the given
interval where they predict the dial would stop after a
single spin. We marked “X/,” then randomly picked
another spot and marked “X2.” Second, we asked
respondents what the chances were that the dial would
rest on “X7” compared to “X2” (and compared to any
other outcome within the given interval) after a spin. For
those who did not provide the right response in the first
instance, we repeated the procedure subtly with different
outcomes until each participant’s last two consecutive
responses were that the spinner was equally likely to rest
at any spot.” At this stage, there was no reason for
respondents to believe that the chances of occurrence dif-
fer between any possible outcome within the interval.
After that the decision tasks were presented orally and
pictorially to participants, for example,

“Imagine you are faced with a set of monetary prospects as
shown. You are equally likely to earn any amount between
N 4280 and ¥ 7358 if you choose Prospect A. In contrast, you
are equally likely to earn any amount between #5361 and
N 6315 if you choose Prospect B. Given that you have to make
a choice between prospects A or B, which one of the two will
you choose?”
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As for the case of uncertainty, when a similar set of con-
tinuous prospects are presented, the information about
probability density is withheld, that is, respondents were
told the range of possible payoffs, for example, 5,361
to 6,315 from which one outcome within the given
interval can be realized without any demonstration on
the spinner or further information to suggest any prob-
ability distribution.®

Data Collection Procedure

The participants were 160 smallholder farmers recruited
from a random selection of 20 farmers from four Local
Government Areas (LGAs) in two States in Nigeria.
Respondents were recruited from the list of registered
farmers. Each participant had decision-making responsi-
bility on the farm. The experiments were conducted
within the LGAs (schools or community halls familiar to
participants). Prior, as documented in Begho (2019), ethi-
cal approval was granted by the University of Reading,
School of Agriculture, Policy and Development - D00108.

The aims and terms of participation were communi-
cated to the participants in English and local languages.
Then, the participants were asked if they understood;
and whether they consented to these terms. At the begin-
ning of the experiments, a detailed explanation of the
necessary concepts (described in sections 3.2.1 and 3.2.2)
relating to the choice task was given. We also informed
the participants that there was no right or wrong answer.

Participants were informed that one of their prospect
choices would be randomly chosen from the Gain
domain and played in a consequential way at the end of
the experiment.” One of each participant’s choices from
the Gain domain was selected and played using a uni-
form random number generator. The integer had a value
between (and inclusive of) the upper and lower bounds
of the prospect selected. Similarly, for uncertainty, pay-
ment was determined using a random number generator
from the Gain domain. On average, the payment to each
participant based on the prospect selected was B-3245
(approximately £7.20). In addition, participants were
also given compensation equivalent to an average two-
day wage as compensation for time spent and travel
costs incurred during the experiment. Notably, partici-
pants were not informed beforehand that they would be
compensated® for their time to ensure that only those
selected and genuinely interested in participating in the
experiment took part and avoid any effect the payment
would have on their decisions.

Results

The CPT analysis in this section is based on data
obtained from 158 participants’ over 35 monetary gains,

losses, and mixed tasks resulting in a total of 5,530 risk
choices and 5,530 uncertainty choices. The estimates of
the individual parameters were derived from a Bayesian
mixed logit, but then further inferences about differences
across groups were conducted using a classical non-
parametric test applied to the respondent specific para-
meters extracted from the Bayesian mixed logit. The
joint posterior parameter distributions estimated in
Gauss software were obtained from a Monte Carlo
Markov Chain (MCMC) algorithm for 12,000,000 itera-
tions, out of which 2,000,000 iterations were discarded as
burn-ins and thus were not used to represent the poster-
ior. In order to reduce correlation across retained poster-
ior draws, 1 in every 1,000 draws was extracted, resulting
in a total of 10,000 iterations. Visual observation of the
trace plots confirms convergence of the MCMC draws.
In line with past studies (Broomell & Bhatia, 2014;
Nilsson et al., 2011), this paper imposes restrictions on
the CPT parameters presented in Equation 2. The
restrictions for both risk and uncertainty are that o €
[0.05, 2], B € [0.05, 2], A€ (0.05, 3), y " €[0.25, 2], y €
[0.25,2],8 " €[0.25, 2], 8 €[0.25, 2], and ¢ € [0, %].

Attitudes to Monetary Risk

The estimated parameters under risk is presented in
Table 1. This paper reports both the mean and median
values. The results confirm the presence of heterogeneity
among respondents (for instance, 25%, 50%, and 75%
of the sample have B values of at most 0.12, 0.57, and
1.42, respectively). This is in line with the findings of
Abdellaoui et al. (2008) and Resende and Tecles (2011).

The results in Table 1 illustrate the non-normality of
the distributions of individual preference parameters,
also highlighting that reporting the underlying mean and
variance parameters alone from the mixed logit would
give a misleading impression about overall respondent
behavior. We discuss this further when examining the
value and weighting functions below.

Utility/Value Function Parameters Under Risk. Figure 2
shows the distribution of «, 8, and A parameters of the
value function at the individual level for the case of risk.
In line with the definition of risk aversion/seeking with
respect to the curvature of the value function, values of
0 <a<1 and 0 <B < [ imply risk aversion and risk
seeking in the domains of gains and losses, respectively.
Figure 2 shows that of the 158 participants, the majority
(over 72%) have a < 1 parameter value. This indicates
that the curvature of the value function for gains was
concave for a majority of individuals. Thus, in line with
the definition describing risk aversion in respect of the
curvature of the value function, farmers were prevalently
risk averse in the Gain domain (although to varying
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Table I. Estimated Risk Parameters.

Variables M Median SD Minimum 25% 50% 75% Maximum
a .53 .06 73 .05 .05 .06 1.30 1.99

B 76 .57 .68 .05 12 .57 1.42 1.93
v 73 .34 .59 .26 27 35 1.33 1.96
v~ .80 .65 .52 .25 3l .65 I.16 1.90
3t 71 45 .52 25 29 45 1.27 1.92
3~ .86 42 .66 .25 26 42 1.58 1.99

A 1.90 1.90 97 .50 .84 1.90 2.95 3.00

0} 20.87 20.56 16.51 .19 5.52 20.56 34.97 55.87

Note. o, B, and A parameters of the value function. The curvature of the value function for gains and losses is obtained from the parameters o and f3,
respectively. The relative sensitivity to gain and loss is measured by A. The probability parameters are y™ and 8 in the Gain domain and y~ and 8~ in the

Loss domain. The parameter ¢ measures arbitrariness in the DM choice.
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Figure 2. Histogram of the CPT parameters of the value function under risk.

degrees as shown across the different percentiles in Table
1). The distribution of the value function for losses ()
presented in Figure 2 shows that about 54% of partici-
pants display a risk seeking attitude toward losses but
suggest a mixed picture compared to a.

However, the results in Table 1 and distributions in
Figure 2 also show that the preferences of many respon-
dents could only be modeled using “extreme curvature”
of the value function. Crucially, we observe masses clus-
tered at the lower limit of the restriction for both o and
B, which suggests extreme behaviors in the Gains and
Loss domains, respectively. We shall return to this point
subsequently.

Results regarding the DM’s relative sensitivity to gain
and loss (A) show that participants with A > 1 made up
over 64%. In aggregate, the mean value of A is 1.90.
However, this mean value reflects a kink that is not too
“sharp” at the reference point. The mean coefficient is
close to the value (A = 1.87) reported in Booij et al.
(2007). However, as discussed in Balcombe et al. (2019),

when a symmetry restriction is not imposed on the power
parameters, the interpretation of this coefficient is scale-
dependent.

Probability Weighting Parameters Under Risk. A common
description of probability weightings in terms of a two-
payoff discrete prospect CPT weighting scheme in the
Gain domain is that people will overweight a small prob-
ability of the largest gain and underweight a large prob-
ability for the largest gain. However, this type of
description does not adequately characterize the nature
of the transformations for multi payoff prospects. In a
more general setting, the classic “inverse S” type trans-
formation will tend to overweight the upper and lower
payoffs and underweight the middle payoffs. When the
payoffs are ordered, and the probability mass function is
plotted, this will result in a U shape.

The probability distributions employed by respon-
dents under CPT are governed by the interaction of the
parameters y and 8. The clearest way to therefore
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Figure 3. Probability warping by mode of beta distribution under risk.

illustrate the different “probability weightings” used by
respondents is to divide them into four groups based on
whether the mode of the distribution is bimodal, unimo-
dal, and if so, whether the mode is in the interior of the
parameter space or at the left or right extremes. Figure 3
does just this for the risk data, with the Gain domain on
the left-hand side and the Loss domain on the right-hand
side. Each panel has the range of beta CDFs and PDFs
for each of the respondents who fit within that domain
(which we label SCDF and SPDF (to denote the subjec-
tive nature of these quantities).

It is apparent from Figure 3 that very few respondents
seem to employ an approximate uniform distribution
(which would be consistent with Expected Utility under
the “Equally Likely” specification). The top row of
panels gives the bimodal distributions for respondents in
that category, where both parameters are less than unity.
This is the general shape proposed by standard prospect
theory. This is the most common distribution employed
by respondents (93/158 in the Gain domain and 76/158
in the Loss domain). While this finding supports the
hypothesis that participants warp probabilities as in
other studies (e.g., Mattos et al.,, 2007, Tversky &
Kahneman, 1992), a substantial number of participants

appear to employ distributions that have modes at the
left, right, or within the unit interval. Thus, as for the
value function parameters, there seems to be consider-
able heterogeneity across respondents in the way they
treat the distribution of outcomes.

Attitudes to Monetary Uncertainty

A description of the estimated parameters under uncer-
tainty is presented in Table 2. In terms of the overall dis-
tribution, the estimates broadly reflect the results for the
case of risk. However, there are some important differ-
ences, as we discuss as follows.

Utility Parameters Under Uncertainty. Figures 4 shows the
distribution of «, B, and A parameters of the value func-
tion at the individual level for the case of uncertainty.
The majority of the participants, accounting for over
75%, had a < 1 parameter values implying concave cur-
vature of the value function for gains. For the § para-
meter, about 53% of the estimated value parameter for
losses conformed to B < 1. This pattern is similar to the
findings in the risk context, where participants were
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Table 2. Estimated Uncertainty Parameters.

Variables M Median SD Minimum 25% 50% 75% Maximum
a .57 .09 72 .05 .05 .09 1.20 1.97
B 93 .86 .82 .05 .06 .86 1.83 1.99
v 8l 37 .66 25 .30 37 1.54 1.99
v~ 1.15 1.10 75 25 .28 1.10 1.97 2.00
3t 79 .68 31 33 .56 69 1.12 1.57
3~ .94 .68 68 25 26 .68 1.65 1.97
A 1.87 2.03 .87 52 1.06 2.04 2.68 297
[0} 13.78 6.18 13.69 17 1.31 6.18 30.87 41.89

Note. o, B, and A parameters of the value function. The curvature of the value function for gains and losses is obtained from the parameters o and f3,
respectively. The relative sensitivity to gain and loss is measured by A. The probability parameters are y™ and 8 in the Gain domain and y~ and 8~ in the

Loss domain. The parameter ¢ measures arbitrariness in the DM choice.
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Figure 4. Histogram of the CPT parameters for the value function under uncertianty.

predominantly risk averse for gains and, to a lesser
degree, risk seeking for losses.

As in the case of risk, the preferences of many respon-
dents could only be modeled using the extreme curvature
of the value function. We observe masses clustered at the
lower limit of the restriction for both a and B, implying
that a large proportion of participants were excessively
uncertainty averse in the Gain domain and uncertainty
seeking in the Loss domain.

Probability Weighting Parameters Under Uncertainty. For
uncertainty, we present in Figure 5 results that are analo-
gous to those for risk in Figure 3. We do not view these
as probability transformations but rather as the subjec-
tive “capacities” formed by respondents faced with only
the knowledge that the monetary gains would lie within a
specified interval. For the case of uncertainty, while in
the Gain domain, the dominant capacity distribution is
again the bimodal beta density, this is not the most

common form for the Loss domain, with some respon-
dents appearing to give inordinate weight to the lower
boundary, and others to the top boundary. Another third
of the respondents have a mode in the interior.
Therefore, we conclude that while the mean results look
similar, there appear to be some differences in how
respondents dealt with the uncertainty frame compared
to the risk frame.

Comparing Risk and Uncertainty Attitudes

In this section, we examine how the parameters of the
models change across the Risk and Uncertainty contexts
for the same individuals. There is no strong theoretical
basis for believing that the probability weightings or
“subjective probabilities” should be similar when dealing
with risk as compared to uncertainty, but it is possible
that, when faced with interval prospects, individuals treat
uncertain interval prospects as being uniform. The results
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Table 3. Probability Parameters Across Risk and Uncertainty.
Gain domain Loss domain
Unimodal Unimodal Unimodal Unimodal Unimodal Unimodal
Risk\uncertainty Bimodal left right interior Bimodal left right interior
Bimodal 50 23 13 7 25 10 24 17
Unimodal left 5 6 0 | 4 20 4 7
Unimodal right 6 0 13 2 2 4 18 2
Unimodal interior 10 | 14 7 5 7 3 6

above suggest that this is not the case. Nonetheless, it is
useful to examine how “capacities” changed across the
risk/uncertainty contexts. In Table 3, we show how peo-
ple moved across classifications over the two contexts,
and in Figure 6, we give similar information in the form
of bubble plots. The reason for using the bubble versions
is that there were groups of respondents who gave near-
identical responses in a given context and therefore had
indistinguishable parameters. The bubbles are propor-
tional to the size of responses within a neighborhood of
the parameter values.

The results in Table 3 demonstrate that the “modal
individual” will be bimodal in both the Loss and Gain
domains across both risk and uncertainty. However, the
majority of individuals are not “bimodal.” Moreover,
the majority of individuals seem to shift typologies when
moving from Risk to Uncertainty contexts. This is also
illustrated quite starkly by the bubble scatter plots in
Figure 6, which clearly do not display a strong
correlation.

In Table 4, we present the number of respondents
who are both concave or convex across the uncertainty
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Figure 6. Scatter plots of probability parameters across domains.

Table 4. Consistency across Risk\Uncertainty, Value Function
Parameters.

Gain domain Loss domain

Risk\uncertainty = Concave =~ Convex  Concave  Convex
Concave 95 18 64 19
Convex 19 26 25 50

and risk contexts. For example, 95 of the respondents
had concave value functions in the Gain domain in both
the uncertainty and risk contexts. The two off diagonals
show 37 respondents (out of 158) were either concave in
the Risk domain and convex in the Uncertainty domains.
In addition, 97 respondents (out of 158) are loss averse
in both the uncertainty and risk contexts (Table 5).

The degree to which the curvature changes across the
Risk/Uncertainty contexts is presented in Figure 7, which
gives bubble scatterplots for the parameters across con-
texts. While there is a weak tendency to have consistent
value function parameters across the contexts, overall,
there is a substantial shift in the value function across the
risk/uncertainty contexts. Given that economists would

Table 5. Loss Aversion.

Risk\uncertainty Loss averse Non-loss averse

Loss averse 97 25
Non-loss averse 13 23

normally posit a stable value/utility function across risk
and uncertainty contexts, this result either points to
behavior that is inconsistent with our underlying theory
or a model that is simply unable to capture the complex-
ity of individuals responses. We discuss this further.

In order to explore people’s behavior, we also classified
individuals according to their tendencies to either choose
all of the inner prospects (prospect B), all of the outer pros-
pects (prospect A), or switch between the inner and outer
prospects at some point; and whether they did this only
within the subtasks (e.g., Type 1 and 2 subtasks within the
Gain domain tasks). Our first observation was that only 60
out of the 158 people were classified exactly the same way
across risk and uncertainty contexts, which again sheds
some light on the relative correspondence between the risk
and uncertainty CPT results. A common propensity (for
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Figure 7. Bubble scatter plots of the value function parameters across contexts.

around 20% of respondents) was choosing all the inner
prospects in the Gain domain and all the outer prospects
in the Loss domain while either switching or choosing only
the inner prospect in the Mixed domain. To a degree, this
is consistent with the CPT treatment of risk aversion in the
Gain domain and risk seeking in the Loss domain, along
with loss aversion, but more switching should have taken
place to be wholly consistent with CPT.

At one end of the spectrum, there were some extreme
risk seekers who chose the outer prospect across all tasks
(a total of seven respondents for risk and eight for uncer-
tainty). The CPT model accounted for this by estimating
a highly convex value function globally. But even so,
these individuals required non-uniform probability dis-
tributions to explain their behavior at the boundary of
the parameter space. At the other end of the spectrum,
another group of respondents selected the inner prospect
across all tasks (seven in the case of risk and eight in the
case of uncertainty). The CPT model dealt with this by
assigning a global concavity for the value function and
highly non-uniform probability distributions at the
boundary of the parameter space. Another small group
of individuals (four in the uncertainty case and five in
the uncertainty case) always chose the outer prospects in

the mixed and Gain domain but always chose the inner
prospect in the Loss domain.

The CPT model did not account for this by choosing
a convex value function as might have been expected,
but rather attributing these individuals with a very high
probability “overweighting” at the lower end of the loss
interval. Another group were those that tended to always
avoid the outer gamble in the Gain domain, but only if it
touched on zero (i.e., in Type 2 in Figure 1), and conver-
sely always chose the outer gamble only if it touched on
zero (in Type 4 in Figure 1). Such behaviors suggest that
a proportion of individuals gave extreme weights to one
or both of the endpoints of the intervals, in conjunction
with aversion or attraction to zero in the Gain and Loss
domains, respectively.

Discussion

When evaluating the model only at the mean, the results
seem to broadly conform to the CPT model, being rather
similar across risk and uncertainty contexts. However,
when evaluating individual estimates, a somewhat differ-
ent picture emerges. First, the individual’s value function
parameters employed here were not stable over the risk/
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uncertainty contexts (where there is nothing, in theory,
to suggest this should happen). Second, many individuals
were estimated to have parameters on the edge of the
permissible parameter space. The parameter space could
be extended. However, this would only serve to illustrate
that many respondents behaved in a manner that would
normally be considered uncommon relative to the norms
found in the literature (e.g., in Nilsson et al., 2011;
Broomell & Bhatia, 2014 in terms of the CPT
parameters).

Our results provide further evidence consistent with
prospect theory in that respondents’ use transformed
probability distributions (or their cumulative forms)
under risk. However, these results also suggest that the
subjective probabilities that respondents employ are not
consistent with uniformity even when respondents are
told that all points within an interval are equally likely.
In short, people do not behave as if all outcomes are
equally likely if they are not given any information about
the relative likelihood of events, nor if they are told to
do so.

Another important aspect uncovered in this study is
that in both the risk and uncertainty contexts, farmers
were extremely averse to intervals with zero endpoints in
the Gain domain while they sought intervals with zero
endpoints in the Loss domain. Since continuous interval
densities have zero mass at zero, this result has not been
found in the preceding literature. Importantly, formally
this behavior is not the same as zero aversion (or eager-
ness for zero) as might be found in response to a discrete
lottery where one payoff is zero (see Cettolin & Tausch,
2015; Ert & Erev, 2013). This finding is also difficult to
reconcile with standard prospect theory since it requires
non-zero probability mass to be placed at discrete points
even when respondents are informed this is not the case.
Alternatively, it might imply extremely odd behavior in
the value function around zero, but such behavior should
also be evident in discrete lotteries. Therefore, our con-
tention is that respondents may (practically) place finite
mass on salient points, even when those points have zero
probability of occurrence.

Our results also support previous findings (e.g., in
Andersen et al., 2009; Cerroni, 2020; Sarin & Wieland,
2016) that risk attitudes cannot be directly transferred to
attitudes toward uncertainty. This is true not only in the
sense that the subjective probabilities employed under
uncertainty do not seem to be the same as the probabil-
ities employed under uniform risk (as might be expected)
but also that the value functions employed under risk
differ from those under uncertainty.

We, therefore, need to reflect on the adequacy of the
models employed and/or whether the continuous interval
approach has been revealed as a successful mechanism to
study respondent behavior toward risk and uncertainty.

The different value parameter estimates obtained under
risk and uncertainty for the same participant may have
arisen from estimating the CPT parameters under a mis-
specified model. In particular, while being widely used,
the power utility specification may not be sufficiently
flexible. Yet, this aside, it remains clear that a number of
individuals behaved in a way that was difficult to recon-
cile with CPT as it is commonly parameterized.

Overall, we conjecture that while the continuous dis-
tribution may be more realistic, having a finite domain
may have induced respondents to act as if there were dis-
crete masses of probability on the end-points of the inter-
vals. We believe, however, that this is worth further
investigation, particularly if there are other “anchors”
(such as the mean) in the visual presentation, although it
may be that respondents simply focus on boundaries and
means, implicitly acting as if there is mass at these points.
It could be argued that the results are an “artefact” of
design, yet our follow-up’ with respondents suggests that
this finding should not be dismissed so easily since it did
not seem to be the product of misunderstanding by
respondents.

Conclusion

At the “mean level,” the estimates that we obtained from
the model are consistent with those in the existent litera-
ture. However, digging deeper into the nature of individ-
ual responses emphasized that mean level results give a
very partial picture of people’s behavior and that the ten-
dency of the past literature to work at this aggregate level
may have given a misleading impression as to the degree
to which aggregate results can be used to infer something
about individual behavior.

Our results also show that the distributions used by
DMs are not consistent with uniformity under both risk
and uncertainty, regardless of whether the objective
probability has been specified as uniform. However, we
also find that attitudes to risk and uncertainty differ in
the sense that few DMs treat interval prospects in the
same way if they are specified as having equally likely
outcomes (risk) relative to those where the density is
undefined (uncertainty).

We also find that cumulative prospect theory only
explained individual behavior if people were allowed
very convex or concave utility functions and probability
distributions that were, in most cases, extremely
weighted toward the edge of the prospect intervals. One
response to this could be that using discrete prospects
continues to be the only way forward. However, our
view is that limiting decision theories to discrete choice
prospects alone is insufficient for fully understanding
attitudes to risk and uncertainty. This calls for a research
agenda that improves our understanding of the



14

SAGE Open

relationship between formats and responses for both dis-
crete and continuous methods for eliciting attitudes
toward risk and uncertainty.
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Notes

1. Attitudes in this context broadly refer to a decision maker’s
mental disposition with respect to a state.

2. In the decision-making literature, lambda (A) is often known
as the coefficient of loss aversion.

3. Type | and Type 2 are subtasks framed as a gain and jointly
referred to as Gain domain task. Similarly, Type 3 and
Type 4 are subtasks framed as a loss and jointly referred to
as Loss domain tasks, while Type 5, Type 6, and Type 7 are
subtasks that consist of both gains and losses and are jointly
referred to as mixed domain tasks.

4. Participants that took part in the pilot experiment were
excluded from the main experiment, and no data from the
pilot was included in the main results.

5. For respondents who did not grasp the concept with the first
two spins demonstrated with the spinner, the maximum
number of times we had to repeat the demonstration before
they showed full understanding was five times. Since this was
a small number (12 of 158), we did not record whether the
speed of understanding affected how respondents chose
afterwards.

6. To test whether participants give answers anchored to the
previous experiment we presented participants with coded
cards which determined the order in which each set of
experiment was presented unknown to the participant. The
six orders of experiment were ABCD, ABDC, ACBD,
ACDB, ADBC, and ADCB where A = Risk in monetary
domain (gain, loss, and mixed) B = Uncertainty in mone-
tary domain (gain, loss, and mixed) C = Risk in time
domain (loss only) D = Risk in proxy monetary domain
(gain only). Our analysis did not suggest any statistically
significant order effect. Notably, we began with the risk
tasks as we needed to explain what “equally like” and “not
equally likely” meant and to ease the transition from setting
the context to implementing the actual decision tasks. Table
3 shows that participants clearly moved across classifica-
tions over the two contexts. This is also illustrated clearly in
the bubble scatter plots in Figure 6, which do not display a
strong correlation. The results that no substantial differ-
ences emerge between risk and uncertainty are when taken
on average, that is, risk seeking for losses and risk aversion
for gains under both contexts. However, future works can
investigate if there could be a difference between starting
from uncertainty and completing the experiment with risk.

7. Due to foreseen practical and ethical issues, one of each par-
ticipants’ choices from the gains only domain was selected
and played. This draws from the findings of other studies,
for example, Azrieli et al. (2020). They test for incentive
compatibility in a lottery-based experiment and report that
selecting and paying for one randomly chosen problem is a
credible incentive compatible mechanism.

8. The total amount spent on the monetary compensation of
all participants was 464,000 (£1,031).

9. Post-experiment, respondents participated in a follow-up

experiment. However, unlike the main experiment, this con-
sisted of 10 tasks in which one of the prospect pairs con-
sisted of biased and stochastically dominated prospects. The
prospect pairs were designed such that Prospect A had a
likelihood of the best outcome on the upper bound and was
at least as good as prospect B on the lower bound so that a
rational DM was expected to pick Prospect A, for example,
“Imagine you are faced with a set of monetary prospects as
shown. You are equally likely to earn any amount between
H 3000 and ¥ 7400 if you choose Prospect A. In contrast, you
are equally likely to earn any amount between ¥500 and
H6400 if you choose Prospect B. Given that you have to
choose between prospects A or B, which one of the two will
you choose?”
We observe that no participant picked any stochastically domi-
nated prospect. Further, participants were given experiments
that were a flipped version of the main experiment. In this case,
Prospect B had a wider variance. A priori, it was expected that
participants choices would be consistent such that those partici-
pants that chose Prospect A in the main experiment should
choose prospect B in the follow-up. The results show that all
participants (100%) in the Loss domain under risk made con-
sistent choices when presented with the flipped lotteries. About
5% made inconsistent choices in the Gain domain under uncer-
tainty, while about 2% of participants were inconsistent in their
choices in the Gain domain under risk.
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