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Abstract: We replicate Bocquého et al. (2014), who used multiple price lists to investigate risk

preferences of 107 French farmers. We collect new data from 1,430 participants in eleven
European farming systems. In agreement with the original study, farmers’ risk preferences are
best described by Cumulative Prospect Theory. Structural model estimates show that farmers in
the new samples are, on average, less loss averse and more susceptible to probability distortion
than in the original study. Explorative analyses indicate differences between estimation
approaches, as well as heterogeneity between and within samples. We discuss challenges in
replications of economic experiments with farmers across farming contexts.

Keywords: Risk Attitudes, Agriculture, Cumulative Prospect Theory, Expected Utility Theory,
Artefactual Field Experiment
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Risk and uncertainty are at the core of many questions in agricultural economics, and
researchers have long been interested in estimating farmers’ risk preferences (e.g.,
Binswanger, 1980; Collins et al., 1991). Risk preferences are an important modeling input of
broad interest to policy makers and insurance companies. There is a large diversity of
approaches to study farmers’ risk preferences, but the literature is scattered (lyer et al., 2020).
Few studies systematically investigate differences in risk preferences across countries and
farming systems to capture heterogeneity and assess distributional effects of risk-related
policies. Large multi-country datasets collected under consistent protocols are mostly
unavailable, and some geographical regions and farming systems in Europe are

underrepresented in the literature on risk preferences (lyer et al., 2020).

To reveal risk preferences in controlled environments, researchers have often used
experiments with incentivized gambles (e.g., Holt & Laury, 2002). Such gambles, as part of
multiple price lists, have been widely applied to investigate farmers’ risk preferences in the
gain domain (lyer et al., 2020). A widely cited study in the field of agricultural economics is
Bocquého et al. (2014) who used the multiple price lists developed by Tanaka et al. (2010) to
investigate risk preferences of a sample of French farmers. The authors compared two major
theories of decision-making under risk: (1) Expected Utility Theory (EUT, von Neumann and
Morgenstern, 1947), which captures risk tolerance through the curvature of the utility function,
and (2) Cumulative Prospect Theory (CPT, Tversky & Kahneman, 1992), which is based on
reference dependence, leading to gain-loss asymmetry in behavior towards risk, and
probability weighting. Bocquého et al. (2014) used structural models to estimate EUT and CPT
parameters, including models that adjust for socio-demographic heterogeneity. The authors
found that farmers are risk averse in the gain domain under EUT and exhibit loss aversion and

probability distortion under CPT. CPT provided a better overall fit to the data.

The main objective of this paper is to explore the robustness of the results by Bocquého et al.
(2014) based on data gathered under a similar protocol on new populations from eleven
European farming systems. We cover a wide range of farming systems and national contexts,
namely arable farmers in Austria, Germany, the Netherlands, and Sweden; wine growers in
Croatia; potato farmers in Northern France; organic farmers in the North-West of France; olive
growers in Apulia (Southern ltaly); young farmers in Slovenia; members of two olive oil
cooperatives in Andalusia (Spain); and farmers of different specializations in Poland. Our study
is a conceptual replication of an experiment (i.e., the same protocol is broadly followed, but
applied to a different context or sample), but we also engage in verification and reanalysis of
the original data (see Christensen et al., 2019 for a discussion of different forms or replication
and Rahwan et al. 2019 for an example of a conceptual replication of an artefactual field

experiment). We focus on the same questions as the original study: Are farmers’ risk
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preferences better described by EUT or CPT? And, what are the parameters for standard
specifications of structural models under these theories? Hence, our study also contributes to
a better understanding of farmers’ decision-making under behavioral biases (Dessart et al.,
2019) and the broader debate on the replicability of prospect theory across different study
populations (Ruggeri et al., 2020).

Theory, experimental design, data, and estimation strategy
Utility functions and weighting function

Bocquého et al. (2014) estimated three structural models: (1) an EUT power function model
with a reflected utility function at zero with parameter r, (2) an EUT expo-power function model
with a reflected utility function at zero with parameters a and B, and (3) a CPT model with
parameters g, A, and y. The authors also estimated the impact of socio-economic covariates
on the size of these parameters. In the following, we shortly introduce the utility and weighting

functions underlying the structural models.

Under the EUT power model, 1 — ris the Constant Relative Risk Aversion parameter (i.e., ris
an anti-index of risk aversion for positive payoffs). The utility over payoffs y from a risky

prospect u(y) is defined as follows:

w) ={_ L 5 (1)

For gains (y =2 0), r < 1 implies concavity and risk aversion. Because the function is reflected
for losses, concavity and convexity reverse for y < 0. Note that this specification also implies

reference dependence (but no loss aversion) due to the reflection of the function.

The EUT power model implies constant relative risk aversion. In contrast, the EUT expo-power

function model allows for varying degrees of absolute and relative risk aversion (Saha, 1993).

In expression (2), parameters a and B capture risk aversion for gains (y = 0), assuming the

following utility function:

[1—exp(—By*)]/B if y 20 (2)
[1—exp(B(=)D]/B  T¥<"

CPT has three parameters: (1) o is an anti-index of concavity for gains where values of o < 1

u(y) = {

indicate risk aversion in the gain domain; (2) A is an index of loss aversion, where values of A
> 1 imply that the utility function is steeper in the loss domain (loss aversion); and (3) y is an
anti-index of probability distortion towards overweighting of small probabilities, where, for

binary prospects, values of y < 1 imply probability distortion (overweighting of small
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probabilities and underweighting of large probabilities).' Here, we assume the status quo as
the only reference point, although there has been a long debate on the identification of different
(endogenous) reference points in prospect theory (Készegi & Rabin, 2007; Barberis, 2013) or
the possibility of more than one reference point (Koop & Johnson, 2012). The utility function of
CPT is defined as follows:

ye ify>0

u(y) =40 ify=0, (3)
A=)’ ify<0

Under CPT, probabilities of all gambles are weighted, and, here, we use the one-parameter
weighting function of Prelec (1998) which is strictly increasing from the unit interval into itself,
i.e., for any two probabilities pa > pe, it maintains the order for the assigned weights such that
w (pa) > W (po). By defining w (0) = po =0 and w (1) = p1 = 1, the start and end points of the
weighted and unweighted probabilities are the same. For any p > 0 and p £ 1 the probability

weights w are defined as follows:

w(p) = exp[—(=Inp)¥]. (4)

Bocquého et al. (2014) used maximum likelihood for the estimation of all three structural
models, which we also follow in our analysis." This estimation strategy uses a latent choice
index, which is the difference between the expected and prospect utilities for the gambles.
Note thatforA=y =1, w (p)=pand o=r, i.e., the CPT model becomes the EUT power model.
This feature allows for a direct comparison of model fit between the EUT and CPT
specifications. For all models that reject the null of A = y = 1, CPT provides a better fit than
EUT. Because CPT has more parameters, we will follow Bocquého et al. (2014) and also use

the Bayesian information criterion (BIC) to decide on the better model fit.
Experimental design and sample of Bocquého et al. (2014)

The experiment of Bocquého et al. (2014) was based on a modification of the three multiple
price lists designed by Tanaka et al. (2010) to approximate parameters for CPT in a three-
parameter specification in rural Vietham. The modification of Bocquého et al. (2014) consisted
of multiplying the lottery stakes by ten and deleting two rows from the first price list. The Tanaka
et al. (2010) task has been used in other studies with farmers (e.g., Liu, 2013; Bougherara et
al., 2017; Sagemduller & Muf3hoff, 2020; Villacis et al., 2021), but Bocquého et al. (2014) is one
of the few studies dealing with CPT in European agriculture (see Bonjean, 2019 or Kreft et al.,
2021 for other European examples). In each of the three multiple price lists (cf. table 1),
participants had to choose the row at which they preferred to switch from the safer lottery

(Option A) to the riskier lottery (Option B). The task of choosing the switching row, rather than
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picking a lottery row by row as in Holt and Laury (2002), prevents multiple switches. Therefore,

without having to discard inconsistent responses, the task enforces monotonicity, which allows

to approximate CPT parameters per respondent based on their switching points by the so-

called mid-point approach (Tanaka et al., 2010).

Table 1. Multiple price lists used in this study

Row Option A Option B Expected payoff
difference (Option A —
Option B)

Series  Probability ~ Probability ~ Probability  Probability

1 30% 70% 10% 90%

1 400 100 680 50 77

2 400 100 750 50 70

3 400 100 830 50 60

4 400 100 930 50 52

5 400 100 1060 50 39

6 400 100 1250 50 20

7 400 100 1500 50 -5

8 400 100 1850 50 —-40

9 400 100 2200 50 -75

10 400 100 3000 50 - 155

11 400 100 4000 50 — 255

12 400 100 6000 50 — 455

Series  Probability ~ Probability ~ Probability  Probability

2 90% 10% 70% 30%

1 400 300 540 50 -3

2 400 300 560 50 - 17

3 400 300 580 50 -31

4 400 300 600 50 —45

5 400 300 620 50 -59

6 400 300 650 50 - 80

7 400 300 680 50 - 101

8 400 300 720 50 -129
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9 400 300 770 50 - 164
10 400 300 830 50 — 206
11 400 300 900 50 — 255
12 400 300 1000 50 —-325
13 400 300 1100 50 - 395
14 400 300 1300 50 - 535
Series  Probability ~ Probability ~ Probability  Probability

3 50% 50% 50% 50%

1 250 —-40 300 -210 60

2 40 —-40 300 -210 —45
3 10 —-40 300 -210 - 60
4 10 —-40 300 - 160 -85
5 10 - 80 300 - 160 - 105
6 10 - 80 300 — 140 - 115
7 10 - 80 300 - 110 - 130

Note: Adapted from Tanaka et al., 2010; Displayed units are points. Note that in accordance with the
original study, the expected payoff difference was not shown to participants.

Bocquého et al. (2014) used a stratified random sampling strategy to build a representative
sample of 107 farmers of the Burgundy Region in France. Their experiment was conducted
face to face from February to June 2010 as part of a 2.5-hour long survey. Participating farmers
were told that they all would receive a fraction of Euro amounts displayed in lotteries and that
this fraction was predetermined and hidden in a closed envelope. Payments were calculated
with an exchange rate of two percent of the amounts displayed as points (Euro) in table 1. The

exchange rate of two percent was revealed after farmers completed their decisions.
Protocol and adjustments of the replication

The replication idea emerged from discussions in the “Research Network on Economic
Experiments for the Common Agricultural Policy,” a group of researchers using and promoting
experiments for the evaluation of agricultural policy.” The idea was shared with researchers
who had experience in data collection with farmers and could reasonably offer a sample of
participants. These researchers were invited to a series of joint meetings in which the

experimental protocols were developed and discussed. Eventually, eleven teams joined the
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efforts and were involved in designing the experiment and data collection in different farming

populations.

A few adjustments to Bocquého et al. (2014)’s protocol were agreed upon. First, we only
included the survey parts that were relevant to the study of risk preferences to reduce response

time.

Second, we modified incentives in the experiment. We used a common point system to display
rewards consistently across all samples and currencies. This allowed us to share materials
and videos more easily across multiple samples, also enhancing experimental control. We
adjusted exchange rates between points and monetary rewards to account for variation in
opportunity costs of participation time in the respective samples. The goal was to achieve 150
to 200 percent of a typical participant’s opportunity costs for 20 minutes (see supplementary
material for more details per sample). We also allowed paying out higher amounts to only a
fraction of participants to limit administrative costs without losing the incentive effect (as for

instance in Rommel et al., 2019; see Charness et al., 2016 for a general discussion).

Third, in contrast to Bocquého et al. (2014), in all instances, we revealed the exchange rate
from points to monetary rewards before the experiment started. We believe that this is a more
transparent procedure, beneficial in terms of experimental control and unobserved
heterogeneity, because respondents are less likely to form heterogeneous beliefs on their
lottery payments." Revealing the exchange rate only ex-post can be perceived as even more
intransparent in online studies than in face-to-face studies, and we wanted to remove this

additional confound.

Fourth, due to the pandemic and to lower the cost of data collection, we chose to allow both
face-to-face (as in the original study) and web-based experiments, as the option of a lab-in-
the-field experiment was unavailable in many instances. Note that in many instances, farm
population data for probabilistic sampling and the application of survey weights was not
available or accessible to the researchers. For instance, in the Spanish case, the research
team’s inquiry to the regional government about making available an anonymized list of the
Andalusian olive growers and the corresponding emails accounts was rejected due to
concerns about personal data protection. Hence, we decided to accept convenience samples
to allow for a broader coverage of more diverse farming systems and a larger total sample

size.

Finally, we agreed on a set of key covariates, in common with Bocquého et al. (2014) as
explanatory of risk preferences. These covariates are (1) the age of the respondent in years,
(2) the number of children, (3) education beyond secondary school (dummy), (4) (self-stated)

general trust towards other people (dummy), (5) the total arable area of the farm, (6) the
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proportion of land owned, and (7) whether the farm is a sole proprietorship or a society with
only one associate (dummy). Whenever we refer to covariates in the models, we mean these
seven variables that were also part of the original study. All teams followed the same procedure

when gathering the data.”

A questionnaire was developed in English and then translated to national languages." A jointly
produced, approximately four-minute long, instruction video explaining the task and payment
procedures was offered to all online respondents. The video used one of the examples, and
the instructions used the same examples as the original study. The video was also publicly
screened in the Spanish and Austrian face-to-face data collections. Note that in some cases
(e.g., France |), additional data were gathered after the experiment, serving other research

purposes. We also asked about respondents’ comprehension.” All instructions and other

material are available online (Anonymous, 2021a).

According to national regulations, no ethical approval was required for the study, nevertheless
expedite ethical approval was obtained from the German Association of Experimental
Economics as a joint commitment of the group to ethical research practices (link to certificate
contains names, we will include it in the final version after review). The study design was pre-

registered as a replication under the open science framework (Anonymous, 2021a).

We obtained informed consent from all respondents. The consent form, which had to be
actively accepted by participants, explained the broad purpose, data treatment, and payment
procedures, as well as an indication of the range of the variable component of the payment. It
also contained contact information. No deception was used, and no personal data were
recorded without consent. A debrief in the form of a summary of the results was offered to

interested participants by email.
Samples and recruitment across countries and farming systems

There are few attempts to elicit risk preferences across a large number of countries in
incentivized experiments with students (Vieider et al., 2015) or surveys of the general
population (Falk et al., 2018; Meissner et al., 2022). Overall, these studies find large within and
between-sample heterogeneity, highlighting the need to investigate risk preferences in many

different contexts and generally rejecting the idea of homogeneous preferences.

The original Bocquého et al. (2014) study aimed at a probabilistic sample of a small area in
Burgundy. In the replication, we had three types of sampling strategies: (1) targeting specific
farming systems with homogeneous production (e.g., potato growers in Northern France or
olive growers in Apulia, ltaly), (2) randomly or non-randomly sampling the overall population
of farmers at national (Sweden) or regional levels (Slovenia), or (3) targeting a specific type of

farming practice within a smaller region (e.g., organic Farmers in North-West France, members
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of two olive grower cooperatives in Spain). Note that these strategies limit the comparability
with the original study. All data were collected in the summer and fall of 2021. We provide a
short narrative with more details for each of our samples in section 3 of the appendix. An

overview of all samples is provided in table 2.



Table 2. Overview on study samples

Rommel J., et al. /WORKING PAPERS 24/2022 (400)

Sample name Target population Sampling and survey mode Payments Sample size
for analysis
Original study, Farms from 64 towns  Probabilistic sample from registry; face- Cash payments to all participants (19 107
BJR2014 in Burgundy, France to-face lab-in-the-field experiment Euro on average, p.145)
Austria Arable farmers in Convenience sample; face-to-face Payments as vouchers for local farm 128
Austria (region: Lower experiment in group meetings which shop to all participants (average of
Austria) were held in cooperation with the 11.87 Euro, ranging from 2.90 Euro to
Chamber of Agriculture 65 Euro)
Croatia Winegrowers and Convenience sample from web-scraped One in ten participants received a 104
wine producers from contact information; online survey voucher (average of 11 Euro, ranging
Croatia from 7 Euro to 19 Euro)
France | Potato farmers mainly  Convenience sample of farmers Payments with vouchers to all 96
located in Northern contacted through various networks, participants (average of 26.36 Euro,
France (Hauts de newsletters, and emails; online survey ranging from 8.70 Euro to 195 Euro)
France, Grand Est
and Normandie)
France I Organic farmers Convenience sample of farmers Payments with vouchers to all 28
(vegetable growers, contacted through agricultural participants (average of 20 Euro,
livestock and crops) of chambers and networks of organic ranging from 13 Euro to 27 Euro)
North-West of France  farmers via newsletters and a mailing
list; online survey
Germany Arable farmers in Randomly selected farmers from Bank transfer to all participants 153

Germany

database of a market research
company; online survey

(average of 8.83 Euro, ranging from
2.90 Euro to 65 Euro)
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10

Italy

Netherlands

Poland

Slovenia

Spain

Sweden

Olive growers of
Apulia region
(Southern ltaly)

Arable farmers in the
Netherlands

Various farmers in
Poland

Young farmers,
members of the
Slovenian rural youth
association

Members of two olive
oil cooperatives in
Andalusia

All registered farming
businesses with an
email address

Convenience sample; individual face-to-
face interviews

Randomly selected farmers from
database of a market research
company; online survey

Mixed convenience sample of online
participants from market research
company and face-to-face interviews
(recruited by farm advisors)

Mixed convenience sample of online
participants and face-to-face interviews
during farmer events

Self-selected sample of members
invited to the meetings at the premises;
survey filled online on individual mobile
devices

Simple random sample; personalized
link to online survey

Cash payments to all participants
(average of 10.02 Euro, ranging from
2.90 Euro to 65 Euro)

Bank transfer to all participants
(average of 16.09 Euro, ranging from
4.35 Euro to 97.50 Euro)

Bank transfer to 94 eligible participants
(average of 9.34 Euro, ranging from
4.24 Euro to 19.56 Euro)

Payments with vouchers to all
participants (average of 9.15 Euro,
ranging from 2.90 Euro to 45 Euro)

Voucher payment to all to be used to
purchase olive oil in the cooperative’s
shop (average of 15.70 Euro, ranging
from 5.80 Euro to 36 Euro)

Bank transfer to one in ten participants
(average of 132 Euro, ranging from 66
Euro to 202 Euro)

130

160

169

114

130

218

Note: Where applicable, local currencies were converted to Euro (1 Euro were approximately 4.60 Polish Ztoty and approximately 10.30 Swedish Crowns at
the time of the study). All newly collected samples can be classified as lab-in-the-field experiments.
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Table 3 gives an overview of respondent farm characteristics pooled across all newly collected
samples. Note that we include only covariates that were common across all samples and the
original study. Disaggregated and additional summary statistics for each sample are presented
in section 1 of the appendix. We also discuss how representative for the underlying populations

the samples are in section 2 of the appendix.

Table 3. Summary statistics of pooled data

Variable Description N Missings Mean SD
(%)
Age Age in years 1371 413 45.96 13.90
NbChildren  Number of children 1298 9.23 0.92 1.15
EducSup = 1 if more than secondary 1402 1.96 0.42
education
Trust = 1 if self-reported as trusting 1368 4.34 0.37

other people

FarmSize Arable land area in 100 ha 1317 7.90 0.81 2.33
LandOwned Proportion of land owned 1357 5.10 0.66 0.35
IndivOwner =1 if sole legal owner of the farm 1383 3.29 0.73

Analysis for replication

The analysis combined the estimation of three pre-registered structural models with further
explorative analysis. We obtained the data and code from the authors of the original study (for
Stata), and we successfully verified all analyses (in Stata and R). The original study weighted
responses by population level statistics (survey weights in Stata, see footnote 15, page 147 in

Bocquého et al., 2014). Because we did not use probabilistic sampling, we also did not apply
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survey weights in our analysis. The original data and code for additional verification is available

online (Anonymous, 2021b).
Results
Structural models

Tables 4, 5, and 6 present coefficient estimates and 95 percent confidence intervals in brackets
for all structural models without covariates."" We include the original study’s estimates
(denoted as BJR2014) with and without survey weights for better comparison. We also report
statistics of model fit: the log-likelihood of a model without parameters (LL null), the log-
likelihood of the reported conversion (LL converge), and the Bayesian information criterion
(BIC).
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Table 4. Structural estimates of EUT model
New samples BJR2014 BJR:ZOM Austria Croatia France_| France_ll Germany Italy Netherlands Poland Slovenia Spain Sweden
pooled (weighted)
r 0.214 0.227 0.212 0.232 0.229 0.183 0.187 0.229 0.193 0.240 0.212 0.206 0.140 0.232
_ [0.201; _ [0.202; [0.202; [0.137; [0.119; [0.208; [0.164; [0.218; [0.187; [0.173; [0.089; [0.214;
[0.206;0.223] 5541  [01730251] o564 02571 0229]  0256]  0251]  0223]  0.261] 0237]  0239]  0192]  0.249]
LL null -32492.814  -2397.471 -2397.471 -2831.234 -2377.753 -2165.515 -638.889 -3483.439 -2909.458 -3594.941 -3865.606 -2604.863 -2949.745 -4968.972
LL converge -31304.487  -2294.777 -7462.748 -2782.017 -2242.197 -2146.947 -623.350 -3299.214 -2891.252 -3420.294  -3694.140 -2513.158 -2945.381 -4674.464
N choices 47190 3531 3531 4224 3432 3168 924 5049 4290 5280 5577 3762 4290 7194
N 1430 107 107 128 104 96 28 153 130 160 169 114 130 218
respondents
BIC 62619.736 4597.723  14933.665 5572.383 4492.535 4301.954 1253529 6606.956 5790.868 6849.160  7396.907 5034.548 5899.125 9357.810
Table 5. Structural estimates of EUT expo-power function model
New samples BJR2014 BJR:ZOM Austria Croatia France_| France_ll Germany Italy Netherlands Poland Slovenia Spain Sweden
pooled (weighted)
a 0.217 0.293 0.288 0.213 0.254 0.193 0.206 0.230 0.180 0.199 0.240 0.232 0.195 0.213
_ [0.265; _ [0.184;  [0.224;  [0.151; [0.133;  [0.205; [0.138;  [0.176; [0.216;  [0.200;  [0.153;  [0.186;
[0.207:0.227] (554 [0252,0.324] 5,477 0283] 0235  0280]  0.256]  0222]  0.223] 0265] 0263  0237]  0.240]
B 0.010 0.107 0.119 -0.081 0.063 0.041 0.068 0.003 -0.064 -0.164 0.076 0.080 0.206 -0.062
: _ [0.078; _ [-0.187;  [0.014;  [-0.097;  [-0.130;  [-0.067;  [-0.219;  [-0.255;- [0.027;  [0.010;  [0.094;  [-0.147;
[0.016;0.037] a5 [0.076;0.161) 501" 0411]  0.180]  0265]  0072]  0.090]  0.072] 0.125]  0.150]  0.319]  0.022]
LL null -32492.814  -2397.471 -2397.471 -2831.234 -2377.753 -2165.515 -638.889 -3483.439 -2909.458 -3594.941  -3865.606 -2604.863 -2949.745 -4968.972
LL converge -31303.356  -2226.730 -7218.557 -2776.620 -2234.563 -2146.308 -622.629 -3299.204 -2889.648 -3395.308  -3680.582 -2505.216 -2920.949 -4668.515
N choices 94380 7062 7062 8448 6864 6336 1848 10098 8580 10560 11154 7524 8580 14388
N 1430 107 107 128 104 96 28 153 130 160 169 114 130 218
respondents
BIC 62629.623 4471.184 14454839 5571.323 4486.795 4310.123 1260.302 6616.849 5797.410 6809.147 7379.803 5028.283 5860.012 9356.178
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Table 6. Structural estimates of CPT model
New BJR2014
samples BJR2014 (weighted) Austria Croatia France_| France_ll Germany Italy Netherlands Poland Slovenia Spain Sweden
pooled
o 0.314 0297 0280 0.322 0.333 0.289 0.284 0334 0207 0.314 0.304 0.322 0284 0329
[0.307;  [0.276; _ [0.297;  [0.313;  [0.254;  [0.232;  [0.318;  [0.269; _ [0.285;  [0.298;  [0.253;  [0.315;
0.320] 031g]  [0255:0306] 54er"  0354] 0325 0337  0350]  0324] 1029403331 o0 0345] 0315]  0.342]
A 1,601 2174 2274 1,531 1817 1.701 1.751 1574 1.457 1187 1.807 1.848 2.162 1352
[1.529;  [1.852; _ [1.316;  [1575, [1.358,  [1.074;  [1.386;  [1.181; _ [1.563;  [1577,  [1.843;  [1.185;
1.674] 2497  N8OK27441 S 47 2059]  2044]  2428] 1763 1733 (0979 13Wl 5050 5020 2480 1.520]
v 0.574 0.681 0.657 0.643 0.595 0.563 0.562 0.571 0.546 0.627 0.591 0.562 0487 0552
[0.555  [0.580; _ [0.579;  [0535;  [0.464;  [0.401;  [0.516;  [0.485; _ [0.527;  [0.498;  [0.404;  [0.506;
0.594] o781]  [0507:0806] (7677 (655  0661]  0.723] 0625  o0607] 109660689 hass’ 0625  0570]  0.597]
LL null -32492.814 2397471 2397471 2831234 -2377.753 -2165.515 -638.880 -3483.439 2000458 -3504.941  -3865.606 -2604.863 -2049.745 -4968.972
LL converge -20400.747 -2148.738 -7027.904  -2664.808 -2037.316 -2064.864 -597.967 -3004.128 -2762.964 -3276.823  -3474.950 -2306.617 -2768.928 -4254.937
Nchoices 141570 10593 10593 12672 10296 9504 2772 15147 12870 15840 16731 11286 12870 21582
N respondents 1430 107 107 128 104 96 28 153 130 160 169 114 130 218
BIC 58837.075 4325280 14083.611  5358.137 4102351 4157.207 1219.715 6037.133 5554315 6582.658  6979.076 4641.227 5566.243 8539.814
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Recall that in the EUT power specification with a reflected utility function at zero, parameter r
is an anti-index of risk aversion (in the gain domain). In the gain domain, for r < 1, the utility
function is concave, i.e. participants are risk averse on average (r = 1 indicates risk neutrality,

r> 1 indicates risk seeking behavior).

Under the EUT power model, responding farmers, in all samples, are risk averse in the gain
domain, on average. All estimates of r are in a rather narrow range. The point estimates of rin
five samples (Austria, Croatia, Germany, Netherlands, Sweden) are slightly higher than in the
original study (BJR2014 unweighted), whereas six samples (France |, France I, Italy, Poland,
Slovenia, and Spain) show lower r estimates, i.e., a higher degree of risk aversion in the gain

domain and risk seeking in losses.

The EUT expo—power model estimates two parameters to allow for varying degrees of absolute
and relative risk aversion. Compared with the original study, point estimates of a are lower for
all samples, whereas point estimates of 8 are lower in all but one sample (Spain), in which they
are higher. Note that the EUT expo—power model must satisfy a x 8 > 0. Although this is not
the case for all point estimates (Austria, Italy, Sweden), it holds true in most instances for
combinations of values in the 95 percent confidence intervals. We refrain from additional
constraints on the model specification to avoid poor convergence of the demanding

computation of the maximum likelihood models.

Under CPT, most samples (Austria, Croatia, Germany, Netherlands, Poland, Slovenia,
Sweden) show values above .3 for point estimates of 0. The two French, the Spanish, and the
Italian samples are below this value and slightly below the estimates based on data from the
original study. For the newly added samples, all point estimates for A are below two and show
smaller values than the data from the original study, with only the exception of the Spanish
sample, which is slightly above two. The Dutch and the Swedish samples have particularly low
point estimates for A; and in the Dutch case the null hypothesis of no loss aversion (A = 1) is
included in the confidence interval. Point estimates for y are below the estimates for the original
data in all samples, implying a greater distortion of probabilities across all samples compared
to the original data. For all samples, we reject the null hypothesis of A = y =1, i.e., risk
preferences are better explained by CPT than by EUT. All BIC values for the three-parameter
specification of the CPT model are lower than for the nested one-parameter EUT model,

indicating a better fit of CPT even if model complexity is taken into account.
CPT mid-point approach

Figure 1 presents kernel density distribution estimates, mean and median values (on top of
each figure) for the three CPT parameters g, A, and y for all samples and the original study

denoted as BJR2014 obtained by the mid-point approach. Additional summary statistics and
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high-resolution figures per country for the mid-point approach approximations are presented

in sections 5.1 and 5.2 in the appendix.

Figure 1 Caption: Kernel density estimates of the distribution of CPT parameters, using

the mid-point approach
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For all samples, and in line with the original study, the approximated parameters differ from

the structural models. For example, mean and median values of o and A are substantially

higher than the estimated values in the structural models. Median values are closer to the

structural estimates, because the distribution is highly skewed (with a few large values of A

affecting the means disproportionately). The range of parameter values is high. Although the

order of the medians across the samples is not strongly affected, a few samples change their

relative position when we compare medians from the mid-point approach with the structural

estimates.
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Additional robustness tests

In the appendix, we report and discuss additional analysis and robustness tests. First, we re-
estimated all structural models with covariates whenever the sample size allowed us to do so
(appendix section 4). Similar to Tanaka et al. (2010) and Bocquého et al. (2014), we include
covariates in a regression with each of the parameters as the dependent variable to explore
heterogeneity in the CPT parameters for the mid-point approach (appendix section 5.3). Both
approaches indicate that observed heterogeneity in the selected common farm and individual
characteristics do not have a high predictive power. Risk preferences were not strongly related
to any of the covariates. Second, we re-estimated the structural models using only respondents
who took at least six minutes to respond to the survey in online samples (appendix section
6.2). Third, we re-estimated the structural models removing respondents who indicated poor
understanding or random choices (appendix section 6.3). Fourth, as in Bocquého et al. (2014),
we re-estimated the structural models, using a reduced set of observations per respondent by
including only the one or two rows per multiple price list at which the switch occurs (appendix

section 6.1). Note that the results for all models are generally robust to the re-estimation.
Discussion
Summary and general discussion

In the upper panel of table 7, we compare the models and results in Bocquého et al. (2014)
with the models and results in the newly collected samples. The first column presents an
overview of the estimated models in Bocquého et al. (2014), the second column presents how
we have dealt with this analysis, and the third column summarizes our main conclusions from
the comparison. In the lower panel, we also present additional analysis (beyond the scope of
Bocquého et al., 2014).
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Table 7. Comparison of original study and replication results

Bocquého et al. (2014)

Approach in this study

Comparison

Structural modelling of EUT
(power and expo-power) and
CPT uitility functions with
Maximum Likelihood without
covariates

Deriving individual parameters
for CPT with mid-point approach

Structural modelling of EUT
(power and expo-power) and
CPT uitility functions with
Maximum Likelihood with
covariates

Estimating the impact of
covariates on CPT parameters
derived from mid-point technique

Robustness checks with
reduced observations per
respondent

Robustness checks with
different reference points in CPT

Verified using original code with survey
weights; replicated with and without
survey weights on original and newly
collected data (pre-registered analysis)
(tables 4, 5, 6)

Verified using original code (figure 1 and
appendix section 5.1); models
conceptually replicated

Verified using original code; slightly
adapted models conceptually replicated
for consistency due to non-applicable
covariates (appendix section 4)

Verified using original code; slightly
adapted models conceptually replicated
for consistency due to non-applicable
covariates (appendix section 5.3)

Verified analysis in original code and

applied to new samples (appendix section

6.1)

Verified analysis in original code, but not
applied due to difficulty of defining
alternative reference points coherently
across samples

Similar results in all new samples; point estimates of A and y
are slightly lower for CPT than in Bocquého et al. (2014)

Overall patterns and order of structural models are mostly
maintained between samples, but similar to the original study,
mean and medians differ rather substantially from structural
models (especially for A)

Adapted model parameter estimates following from small
differences in the samples due to list-wise missing covariates
are not qualitatively different from models without covariates,
similar to the original study, low explanatory power of
covariates within samples and pooled data

Similar to the original study, low explanatory power of
covariates within sample and pooled data

Results are robust

Not applicable
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Robustness checks with varying
exchange rates

Verified analysis in original code, but not
applicable (because no exchange rate
ambiguity in new samples as described
above)

Not applicable

Further robustness checks, not applied in the original study

Removal of respondents taking less than
six minutes in online samples (appendix
section 6.2)

Removal of respondents who self-
reported to have poor understanding of or
random decisions in the task (appendix
section 6.3)

Results are robust

Results are robust




Rommel J., et al. /WORKING PAPERS 24/2022 (400) 20

We verified all analysis, using the original code from the authors. We also replicated the original
study results in eleven additional samples. Although our results are not substantially different,
we noted some deviations of our estimates from the original study, as described in the table.
However, we can also confirm the original study’s main conclusion that farmers’ risk
preferences, on average, are substantially better described by CPT than by EUT, as under all
approaches and for all samples, A was consistently estimated as greater than one and y was
consistently estimated as smaller than one. In addition, the overall model statistics (and BIC in

particular) also indicated a better fit of the data to CPT.

There was considerable heterogeneity both between and within samples. For example, in the
structural models without covariates, the parameter for loss aversion A ranged from a point
estimate of more than two in the Spanish sample to less than 1.2 in the Dutch case. Using the
mid-point technique, the same parameter A had minimum, median, and maximum values of
.08, 1.54, and 11.62 in the Netherlands; whereas the respective values were .08, 2.97, 11.1 in
Spain. The mid-point technique can yield high values of A for some respondents, which resulted
in average values for A of 3.09 and 3.66 in the Netherlands and Spain, respectively (see section
5.1 in the appendix). In other words, not only are the estimates heterogeneous within and
across samples, but substantially different conclusions may also arise from using different
estimation strategies on the same data. While the structural models offer a point estimate for
the whole sample using an error term that accounts for individual choice errors, the mid-point
technique can give direct insights into the distribution of parameters for CPT based on raw

choices.

Because different estimation approaches can yield different results, we suggest the estimation
of a large number of plausible models. This enables readers to assess the robustness and
uncertainty associated with an estimate. More importantly, an open science approach is
pivotal: the sharing of data and code allows the community to run further robustness tests and

to integrate results in meta-analysis.
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Our findings have important implications for policy. As stated by Colen et al. (2016), “behavioral
findings (such as evidence of loss aversion), replicated over time and across domains, can
safely be assumed to be valid everywhere and at any time and can therefore help understand
reactions to policy of a large share of the EU farming population.” Here, our estimates provide

plausible ranges of parameters, which can be included in agricultural policy models.

Many agricultural measures are based on farmers’ voluntary enrolment. Ex-ante evaluations
are set-up to predict the expected uptake of such voluntary measures. This requires that
behavioral drivers of far-reaching economic decisions or technology adoption, including risk
and loss aversion, are better anticipated (Dessart et al., 2019; Spiegel et al., 2021). This type
of ex-ante information can help to fine-tune policies so as to obtain the desired level of
participation, or to optimize the outcome for a given budget. For instance, under the
assumption that new measures involve greater risks, the high prevalence of risk and loss
aversion signals the need to increase the compensation for agri-environmental measures or
other green farm practices beyond cost forgone for risk-averse and loss-averse decision-
makers which can pose a main barrier for transformational shifts in farming (Koetse and
Bouma, 2022). Likewise, risk aversion and loss aversion have welfare and policy implications
for insurance design. For instance, Dalhaus et al. (2020) show how taking into account loss

aversion in insurance design may increase farmers’ uptake of well-designed insurance.
Challenges in multi-country replications of experiments with farmers

Conventional laboratory experiments with students are typically replicated under the exact
same conditions, with only the timing and subjects being different. Uniform recruitment
software and sampling, underlying population, localities, as well as experimental protocols and
payment procedures can be used (e.g., Camerer et al., 2016). In contrast, artefactual field
experiments, i.e., experiments with non-standard subjects (Harrison and List, 2004), such as
farmers and other professionals, can create challenges for replication. For instance, in the
replication attempt on dishonesty in the banking sector, Rahwan et al. (2019) had to work with
a distinctive sample, which hampered a direct comparison of results with the original study, not

least because of selection effects.

University laboratories typically work with long-term and experienced staff, whereas field
experiments (outside of the laboratory) often build upon diverse teams, involving newly trained
assistants. As a result, there are likely more confounds in such replications, such as small
changes in wording, gestures and other cues from field staff, or even changes in the sampling
frame and payment procedures. These many changes will almost inevitably differ across
multiple samples, affecting experimental control and, hence, causal interpretations of

differences in outcomes. One could be very strict in enforcing the exact same protocol across
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multiple countries (e.g., as in Vieider et al., 2016 or Dessart et al., 2021). However, in this
study, we have chosen a more flexible approach of building a strong network of collaborators
with a good mutual understanding of the case at hand, but also open to small adjustments in
the experimental procedures. Thanks to this flexibility, we could include several research
teams with different constraints for data collection and obtained a large dataset. Although
crucial materials to replicate are not always accessible (Palm-Forster et al., 2019; Palm-Forster
& Messer, 2021), luckily, we could build on the well-documented instructions, codes, datasets,
and other material provided in Bocquého et al. (2014) and in later communication with the

authors.

Harmonizing and improving infrastructures for social science research with farmers is an
important task also for obtaining higher quality samples. For instance, some collaborators of
this project could collect data through third-party farmer panels (Netherlands, Germany) or a
general registry of all farming businesses (Sweden). Others (e.g., Spain or Italy), in contrast,
had to work with convenience and snowball samples. A stronger grouping of cases and further
harmonization of samples within these sub-groups (e.g., by farming system, region, or
sampling procedure) could lead to better benchmarks for comparison by the removal of
additional confounds. Although additional challenges such as different legal treatments and
taxation of cash rewards will likely remain, a coordinated effort to build social science research
infrastructures and networks for primary data collection with farmers could facilitate cross-
national research (see Lefebvre et al., 2021 for more discussion on this). As a first step in this
direction, farmers who are part of the European Union’s Farm Accountancy Data Network
could be invited to voluntarily commit to participate in experiments under high cash rewards

on a regular basis.

Recruitment of and access to farmers representing a target population is a hard task (Weigel
et al., 2021), and the sampling procedures likely affects options of statistical inference. While
a snowballing approach and the use of convenience samples recruited by advertising the link
to the online experiment in farmers’ networks was successful for some subsamples (e.g.,
France), we would like to note that such open links must be used with caution for incentivized
online experiments. Indeed, in the first attempt at data collection in Scotland, the survey link
was hijacked and bots generated multiple successive answers until fully filling the maximum
number of respondents set for the survey, probably to scam payments. The problem was early
identified, and consequently unique links to the online experiment were shared with verified
farmers, which we recommend for future online experiments. However, one should also be
aware that this form of recruitment takes a lot of time and resources. Eventually, the final

sample size was not large enough to be included in this study.
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Online panel providers (Germany, Netherlands) or official farm registry data (Sweden) have
the advantage that access is more restricted and individual invitation links to the survey
instrument can be used. One can also more plausibly apply probabilistic sampling. However,
with panel providers or registry data, response rates were well below ten percent, raising
concerns about selection bias. Based on quotes obtained by the Spanish team, the price per
response for a 20-minute online survey increased from than ten Euros for the general
population to 75 Euros for a farmer sample. On top of that, many panel providers could not

guarantee minimum sample sizes due to the limited availability of farmers in (3.9% in Spain).

The Swedish team received several inquiries from invited farmers asking about the
seriousness of the study, because the described payments seemed dubious to many.
However, our recruitment efforts through email have been generally more successful than in
the study of Weigel et al. (2021) who sent email invitations to more than 4,700 respondents in
two experiments and — in spite of substantial monetary compensation for taking part — did not
receive a single response. One can only speculate that the high levels of trust towards research
institutions and the familiarity with being contacted and dealing with errands online in Sweden
may have led to this greater success rate. For future recruitments, one may also consider
sending paper mail invitations which in in the United Kingdom has led to a response rate of

more than seven percent (Howley & Ocean, 2021).

The costs of collecting data for one respondent differed substantially between countries.
Research teams who used market research companies, paid approximately 50 Euro per
farmer response, whereas those recruiting through their own networks often paid less than 20
Euros per response (including incentives). However, in the latter case, the additional
transaction costs (meeting and convincing partners to invite farmer participants) can be
substantial. Overall, our experiences confirm that consistent data collection for social science

research with farmers across Europe remains a challenge (Lefebvre et al., 2021).

Farmers complained in some instances about the experimental task being tedious, abstract,
or difficult to understand. However, according to a self-assessment, problems with
comprehension and poorly motivated responses were not severe (appendix section 7).
Notably, two samples that used face-to-face data collection (Austria and Spain) were at the
opposite ends of the assessments for most of the questions (appendix section 7). Self-
assessed comprehension and response quality were very high in Austria, whereas participants
in Spain faced more difficulties with the task. Finally, Italy (who also used face-to-face data
collection) was close to the overall mean for these questions. Hence, we cannot draw very
strong conclusions regarding the use of online vs. face-to-face data collection, but we note
less between-sample heterogeneity on these aspects for online data collection. It is an open

question as to how far adjusting tasks for improved simplicity and comprehension, as well as
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realism and engagement (e.g., Charness & Viceisza, 2016; Meraner et al., 2018; Menapace

et al., 2016; Villacis et al., 2021) could have improved these scores.
Model extensions and future research

Our analysis can be extended with the available data in many ways. Unlike the original study,
we have not applied survey weights in the analysis. This could be included in further
robustness tests, based on known or assumed information of key covariates in the underlying
farmer populations, although this might not be possible in all cases. The use of survey weights

is also hampered by the fact that we have not used probabilistic sampling.

One could also test for other reference points in the CPT models. Here, we have focused on
the standard assumption of the utility function being kinked at the status quo, but other or more
reference points could apply. We have also assumed that o and y do not differ between the
loss and gain domains. One could use different lotteries to estimate a five-parameter CPT
specification (with parameters o+, 0-, A, y+, and y-) and test for differences of the o and y

parameters in relation to the reference point (as for instance in Bocquého et al., 2022).

We have followed the original and other studies in the application of the mid-point approach
(Tanaka et al., 2010; Bocquého et al., 2014; Villacis et al., 2021), but the mid-point approach
can only provide an approximation of the CPT parameters because it elicits intervals. Cameron
and Huppert (1989) have used interval regression to correct biases that may arise from using
mid-points rather than interval limits for payment card data in contingent valuation. In the same
fashion, an interval regression could be applied to better account for covariates. The data also
offer additional potential to explore how predictive elicited parameters are of real-world
behavior under risk, such as the purchase of insurance or the use of irrigation (Charness et
al., 2020). More can also be done to further explore observed and unobserved heterogeneity.
By using a finite mixture model, for example, one could estimate propensities of respondents

to either belonging to a EUT or a CPT group (Harrison & Rutstrém, 2009).

Our data and results are also useful for the integration with farm-level models. Although such
models rarely consider risk and uncertainty (Huber et al., 2018), there is a growing trend
towards a more realistic representation of economic agents in these models, including an
increasing openness towards the behavioral economics and prospect theory literature in farm-
level modeling (e.g., Appel & Balmann, 2019; Huber et al., 2022). Our study provides a rich
data source for modelers to parametrize such models, including an overview of the distribution

of these parameters and how key farm characteristics may correlate with them.
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Conclusions

The objective of this study was to verify the analysis of Bocquého et al. (2014) and to test the
robustness of their results in a replication in eleven European farming systems. Provided with
the original code and data from the authors, we succeeded in verifying all parameters drawn
from the original study. In line with the original study and the broader social science literature
(Ruggeri et al., 2020), we confirmed that CPT provides a better fit to describe farmers’ risk
attitudes than EUT. This conclusion holds in all additional samples, albeit we also found
considerable heterogeneity within and across samples. Similar to the original study, we faced
the challenge of different methods yielding substantially different results for the CPT
parameters. We conclude that pre-registration of a preferred specification, a wide range of
additional robustness tests, and open methods and data are the best way to deal with these

challenges.
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