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Abstract

This paper investigates risk preferences using an artefactual field experiment con-
ducted with a non-standard subject pool of farmers in Ghana. I introduce an alterna-
tive methodology for studying preferences following replication of a seminal risk
elicitation procedure by Binswanger (Am J Agric Econ 62(3):395407, 1980). An
important feature of both approaches is that they are easy to understand and, hence,
are particularly suitable for eliciting preferences among subjects with low levels of
formal education. I successfully replicate Binswanger’s study, documenting how his
original result of the moderate level of risk aversion for an average farmer can be
generalized to a different country. However, using my alternative approach, whereby
lotteries are presented in the loss domain, I find that half of my experimental sub-
jects violated expected utility theory. This approach is of relevance to the current
literature on studying risk preferences among subjects with poor literacy skills.

Keywords Risk preference - Elicitation methods - Replication - Artefactual field
experiments

JEL Classification All - C93 - D81

1 Introduction

In this paper, I introduce an alternative methodology to measure subjects’ risk pref-
erences. My elicitation procedure builds on Binswanger’s seminal work (1980).
The original risk elicitation procedure was applied by him to study attitudes toward
risk among Indian farmers. Importantly, both Binswanger’s and my procedure are
easy to understand by experimental subjects, which is crucial for precisely studying
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preferences among subjects with low levels of literacy. I first use Binswanger’s
methodology as a replication of the case of Ghanaian farmers,' followed by my
alternative procedure, where the same decision-makers choose among identical
options except that the options are presented in the loss domain. This approach ena-
bles the identification of subjects who violate expected utility theory, and, hence, is
of relevance to the recent literature focusing on the behavioral explanations for deci-
sions made by subjects from populations characterized by low rates of literacy.

The importance of studying the risk preferences of decision-makers has long
been emphasized by economists (Holt & Laury, 2014). This also has led to the
need to introduce methods to measure preferences toward risk with the aim of
inducing decision-makers to reveal their preferences (Harrison & Rutstrom, 2009).
Binswanger’s work (1980) has been extremely influential in this field, as he pro-
posed the first elicitation procedure that enabled the precise measurement of risk
parameters from expected utility theory.

Binswanger’s original procedure consists of subjects choosing one incentivized
lottery from an ordered set, where the first lottery is the risk-free option and sub-
sequent ones are characterized by increasing expected payoffs and increasing var-
iance around these payoffs. Harrison and Rutstrom (2008) classify this design as
an ordered lottery selection procedure. The seminal work by Binswanger has been
applied to numerous contexts and has also included a range of modifications. Most
notably, Eckel and Grossman (2002) used the procedure with a smaller set of lot-
teries and also used a standard subject pool of university students.> Given that the
subjects in Binswanger’s study were not university students and were presented with
abstract lotteries, the experiment falls into the category of artefactual field experi-
ments (Harrison & List, 2004). Binswanger’s procedure was also applied in other
artefactual field experiments, with the non-standard subject pool comprising not
farmers but village households (Barr et al., 2012). The procedure was also used in
studies with subjects from developing countries, with decisions being hypothetical
and, hence, without monetary incentives (Ashraf et al., 2009; Bryan, 2019; Giné &
Yang, 2009).

Aside from the ordered lottery selection procedure introduced by Binswanger
(1980), the most common risk elicitation procedure is the multiple price lists popu-
larized by Holt and Laury (2002). The key feature of this methodology is that sub-
jects are presented with an ordered set of binary lottery options and are required
to make choices in all lotteries at once (Harrison & Rutstrom, 2008). Experiments
were conducted in a range of studies to compare subjects’ behavior across the proce-
dures of ordered lottery selection and multiple price lists. While the latter approach
enables one to identify a more precise set of risk parameters based on the assump-
tions of the functional form of utility, its relatively high level of complexity implies
that it is typically not well understood by subjects with low levels of mathematical
skills (Dave et al., 2010). Given this drawback, the simpler procedure introduced by

! Until recently, the lack of replication studies has been a general trend in economics, but these are
increasingly gaining more attention (Czibor et al., 2019; Maniadis et al., 2014).

2 In the taxonomy proposed by Harrison and List (2004), experiments with standard samples of univer-
sity students are classified as laboratory experiments.
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Binswanger is more suited to eliciting the risk preferences of low numeracy popula-
tions (Charness et al., 2013).

This study contributes to the literature on studying risk preferences by introduc-
ing an alternative methodological approach for eliciting attitudes toward risk. My
procedure has two main advantages: It enables the identification of subjects in viola-
tion of expected utility theory, and it can easily be understood by the experimental
subjects, which is particularly important for studying risk preferences among sub-
jects with low levels of formal education.

My first finding is that I successfully replicate Binswanger’s (1980) experiment
using a similar non-standard subject pool of farmers from another country. Simi-
lar to Binswanger, I find that the average experimental subject exhibits a moderate
level of risk aversion. My second finding is that the decisions of half of the subjects
cannot be explained by expected utility theory. Specifically, when using the alterna-
tive methodology, whereby identical abstract lotteries are framed in the loss domain,
51% of subjects choose lotteries that were different from their preferred lottery in
the gain frame.

The remainder of this paper is structured as follows: Sect. 2 presents the experi-
mental design. Experimental results are presented in Sect. 3. The findings are dis-
cussed in Sect. 4. Section 5 concludes the paper.

2 Experimental design and sample description

This paper investigates farmers’ attitudes toward risk using abstract lotteries. The
experiment was undertaken in villages in the cocoa producing Ashanti region in
Ghana. The villages were randomly selected from the list of villages used in the
Centre for the Study of African Economies (the University of Oxford) survey (col-
lected biannually since 2002). The dataset consists of 350 farmers, invited at random
to participate in the experiment by means of accessing the lists of cocoa farmers of
all licensed buying companies operating in a given village. All subjects who were
invited participated in the experiment. Sessions were conducted in the local Twi lan-
guage by trained experimenters who always kept the same roles in all experimental
sessions.

There were 20 experimental sessions in total, which were conducted in local
schools, with an average number of approximately 18 subjects per session. A typi-
cal session lasted approximately 40 minutes, and the average experimental winnings
(paid in GHC, the local currency New Ghanaian Cedis), were approximately GHC
7.5, including a show-up fee of GHC 2. These winnings were equivalent to approxi-
mately two daily wages for hired labor on farm in the local area at the time when the
experiment was conducted.

Great care and efforts were made to ensure the privacy of the decision-making
among the subjects, as well as the subjects’ understanding of the experiment and of
the probability distribution associated with the choices presented to subjects. At the
beginning of each session, subjects were randomly allocated their seat in the loca-
tion of the experiment. After describing the structure of the experiment, subjects
were asked questions to test their understanding of the instructions. Furthermore, a
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number of visualization tools and demonstration draws were used. Each subject was
also asked to answer questions measuring understanding of the experiment.

2.1 Elicitation of risk preferences

The experiment elicited risk preferences by means of two incentivized ordered lot-
tery selection procedures presented to the subjects in random order.® The first pro-
cedure mimics the methodology introduced by Binswanger (1980). The second
procedure is an alternative methodological approach whereby the identical abstract
lotteries used in the first procedure are presented in the loss domain. Given that
individuals make decisions in both procedures (i.e., a within-subject experimental
design was used), the dataset enables me to investigate whether the decision-mak-
ing of the experimental subjects was consistent with expected utility theory. Impor-
tantly, both procedures are easy to understand, and therefore particularly suitable for
studying risk preferences among subjects with low level of formal education (Char-
ness et al., 2013).

Figure 1 shows the first elicitation procedure. Farmers were presented with a set
of six lotteries (A, B, C, D, E, and F) and were asked to pick the most preferred
option. Each lottery consisted of two equally likely outcomes. The outcome of the
lottery was determined by a draw of one of the tokens (a low outcome if a black
token was drawn and a high outcome if an orange token was drawn). For instance,
a subject who chose lottery A would win 0 if a black token was drawn or win 10 if
an orange token was drawn. The mean and variance were highest in lottery A and
gradually decreased in subsequent lotteries, with lottery F offering the lowest mean
and no variance across low and high outcomes (i.e., winnings of 3 with certainty).

The benchmark used for analyzing my data is expected utility theory and I con-
sider the utility function of the following form:

X]—o'
U =4 1= foro #1 0
In(x) foro#1
where x is the lottery prize and o is the risk aversion parameter. With the specifica-
tion of the constant relative risk aversion (CRRA), individuals with ¢ < 0 are risk
loving, individuals with ¢ = 0 are risk neutral, and individuals with ¢ > 0 are risk

3 Each subject received the payment based on the choice made in only one of the two decision problems
but, since the actual decision problem used for payment would only be known at the end of the experi-
ment, both decisions were incentivized.
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Fig. 1 Presentation of Binswanger Game (gain domain)
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Table 1 The lottery payoffs, variance, and corresponding range of risk aversion (gain domain)

Gain domain (GHC 0 50% (low out- 50% (high Mean Variance CRRA range
at start) come) outcome)

A 0 10 5 25 (—00)-0.17
B 0.5 9 4.75 18.06 0.18-0.45
C 1 7.5 4.25 10.56 0.46 — 0.64
D 1.5 6 3.75 5.06 0.65 - 1.00
E 2 4.5 3.25 1.56 1.01 -1.41
F 3 3 3 0 142 - (+ )

averse.*> Under expected utility theory, a decision-maker evaluates each outcome
ke(1,...,N) using objective probabilities p(k), and, hence, the expected utility from
choice ie(1, ..., 6) is equal to:

N
BU; = X p(UGK)
1

Table 1 shows the mean and variance of each of the six lotteries. The last column
of the table shows the range of the coefficients of risk aversion ¢ for which a given
lottery choice is optimal. Since lottery A offered the highest mean and the highest
variance, this lottery should have been chosen by the least risk averse individuals (¢
ranging from — oo to 0.17). Subsequent lotteries were characterized by decreasing
mean and variance, and should be chosen by the individuals with increasing value of
o. Lottery F offered the lowest mean and zero variance, and should thus be chosen
by the most risk averse subjects (o ranging from 1.42 to+ o0).

The second risk elicitation procedure was similar to the first approach except
that the corresponding lotteries were presented in the loss domain. The only differ-
ence was that in the second procedure subjects’ real payoffs would be determined by
subtracting possible real outcomes from a hypothetical endowment of GHC 10. For
example, a subject choosing lottery A would lose GHC 10 (implying a real payoff of
GHC 0) if a black token was drawn or lose GHC 0 (implying a real payoff of GHC
10) if an orange token was drawn.

4 The CRRA form of utility (Arrow—Pratt) has often been used in the literature (e.g., Clarke, 2016;
Habib et al., 2017). I choose it for tractability and simplicity purposes as I can estimate its single param-
eter using data comprising two decisions collected from experimental subjects. Furthermore, this func-
tional form also enables me to identify experimental subjects in violation of expected utility theory.

5 Considering more complex functional forms would typically require a collection of a significantly
larger dataset and alternative elicitation methods that would be more difficult to understand by experi-
mental subjects with low levels of literacy (Dave et al., 2010). For example, multiple parameters of pros-
pect theory could be estimated using a more difficult elicitation method of multiple price lists and deci-
sion problems designed to estimate a probability weighting function (Tanaka et al., 2010). In case of
experiments with a range of decision problems with varying payoff scales, one could also fit data using
an expo-power utility function nesting the CRRA utility function as a special case (e.g., Holt and Laury,
2002).
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Table 2 Descriptive statistics

Mean Std. Dev
Farm size (ha) 3.396 3.139
If male 0.642 0.480
Age 56.286 13.495
Education level 2.284 1.441
Household size 6.823 4.081
If household head 0.769 0.422
If married 0.754 0.431

Sample size is equal to 350. Education level takes integer values
between 0 and 5 corresponding to the highest completed educational

stage
Table 3 Perce?mage d,iStribuﬁonS Lottery o range Midpoint  Lotteries in the Lotteries
of lotFery choices (gain and loss gain domain in the loss
domain) d .

omain

A (= 0)-0.17 0.085 32% 24%

B 0.18 - 0.45 0.315 19% 14%

C 0.46 — 0.64 0.55 13% 11%

D 0.65 - 1.00 0.825 7% 15%

E 1.01-1.41 1.21 6% 7%

F 142 —(+00) 1.71 23% 29%

100% 100%

The risk elicitation procedures in the gain and loss domain are equivalent in
terms of expected utility. Therefore, the ranges of the CRRA in the loss domain
(henceforth referred to as oy ) are identical to the CRRA in the gain domain (hence-
forth referred to as o) described in Table 1. This implies that an expected utility
maximizer should make identical choices in the gain and loss domain. Conversely,
the choice of different lotteries in the two risk elicitation games would violate the
predictions of expected utility theory.

2.2 Sample description

Table 2 displays the key descriptive statistics obtained in the short post-experiment
questionnaire from 350 experimental subjects. The subjects are small-scale cocoa
farmers with an average farm size of 3.4 ha. In my sample there is a slightly higher
proportion of males, and the average age is equal to 56 years. The majority of the
participants are married and household heads. A crucial characteristic of my sample
is a low level of formal education. This is a very important feature as subjects with
little education may have difficulties in understanding complex risk elicitation pro-
cedures (Dave et al., 2010).

@ Springer

Downloaded from https://www.cambridge.org/core. 28 Jul 2025 at 20:04:47, subject to the Cambridge Core terms of use.


https://www.cambridge.org/core

Eliciting risk preferences in an artefactual field experiment... 449

3 Experimental results
3.1 Results from eliciting risk preferences in the gain domain

In order to obtain the average value of the CRRA in my sample, I follow Binswanger
(1980) and convert each of the six ranges of CRRA coefficients (corresponding to
an individual’s choice among six available lotteries) in Table 1 into a single number.
Specifically, I take the midpoint of the range of the CRRA coefficient corresponding
to a choice of a particular lottery (e.g., choosing lottery C implies a CRRA range
from 0.46 to 0.64 in Table 1 and, hence, a midpoint equal to 0.55).6

The dataset enabled me to obtain the average value of the CRRA parameter in my
sample. This is calculated by multiplying the proportions of lottery choices reported
in Table 3 by the CRRA midpoints corresponding to each lottery. The estimated
value of the average CRRA is equal to 0.68, which is a moderate degree of risk aver-
sion. This value is very similar to the mean CRRA of 0.71 among Indian farmers
reported by Binswanger (1980).

It is noteworthy that the estimated value of the CRRA for each of the subjects’
preferred lotteries depends on how the CRRA ranges are actually calculated, par-
ticularly the ranges for lotteries A (due to its lower bound of — o) and F (due to its
upper bound of + o). To address this issue, I follow Binswanger (1980) and inves-
tigate whether the result of average risk aversion is confirmed using alternative cal-
culations of the values of the CRRA ranges. Specifically, I also obtain these values
using geometric means.” I also censor at different values the lower bound of lottery
A and the upper bound of lottery F. While these changes result in different values
of the average CRRA, the results do not vary significantly.® Most importantly, using
these alternative approaches I also obtain the main result of the moderate degree of
risk aversion.

Column (4) in Table 3 presents the proportions of subjects choosing particular
lotteries in the gain domain, namely, when the risk elicitation procedure follows
Binswanger’s (1980) approach. Subjects preferring the riskiest Lottery A are classi-
fied as either the most risk loving or the least risk averse. 33% of subjects chose this
lottery. Lottery F was risk-free, and it was chosen by extremely risk averse subjects.
It was chosen by 23% of the subjects. A choice of lottery B, C, D or E was made by
individuals with moderate degrees of risk aversion. In total, 45% of subjects chose
one of these lotteries.

6 Since the risk elicitation in the loss domain is identical to the gain domain in terms of expected utility,
the midpoints of o, are also identical to the corresponding midpoints of o;.

7 The values of the CRRA ranges calculated using geometric means are 0.04, 0.28, 0.54, 0.81, 1.19, and
1.69 for lotteries A, B, C, D, E, and F, respectively.

8 The estimated value of the average risk aversion parameter equals 0.65 if the values of the CRRA
ranges are calculated using geometric means. The value is equal to 0.64 if the lower bound of lottery A is
set at — 1 and the upper bound of lottery F is set at 3.
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Table 4 Tests of equality of

Paired le ¢ test Bootstrap test
means (gain and loss domain) aired sampie ftes ootstrap tes
Test statistic t=—4.44 7=—455
p value 0.001 0.001

Bootstrap test uses 9999 bootstrap samples

Table 5 Pairs of choices by Gain\loss A B C D E F

individual (gain and loss

domain) A 61 14 8 2 19
B 12 19 10 8 9
C 3 7 13 10 3 10
D 1 4 3 10 1 4
E 3 5 2 3 8 1
F 5 0 3 10 3 59

3.2 Results from eliciting risk preferences in the loss domain

My alternative risk elicitation procedure consists of presenting subjects with the
above six lotteries in the loss domain. The lottery choices made by the subjects using
this method are reported in column (5) in Table 3. 46% of subjects chose lotteries B,
C, D or E (i.e., lotteries with moderate expected payoff and variance), which is a
similar proportion to the corresponding proportion in the gain domain. However,
preferences for lotteries A and F differed markedly across the two domains. Only
24% of subjects chose lottery A in the loss domain, compared to 32% in the gain
domain. In contrast, a significantly larger proportion of subjects chose lottery F in
the loss domain than in the gain domain (29% and 23%, respectively).

While the average CRRA obtained from the choices in the loss domain equals
0.83, and, hence, also indicates a moderate degree of risk aversion, the differences
in the proportions of the choices of lotteries provide some evidence that many sub-
jects did not choose identically across these two games.’ I investigate this possibility
further by performing tests for equality of means, which are reported in Table 4.
The null hypothesis of mean equality is strongly rejected in the paired sample ¢ test
(»p=0.001). I also test this hypothesis by the bootstrap test for mean equality. I obtain
the bootstrap statistic using bootstrap samples drawn with replacement from the
original sample. I reject the null hypothesis at the 0.01 level using the bootstrap test,
which provides further evidence that the mean difference is statistically significant.

° Analogously to considering alternative specifications of the values of the CRRA ranges in the gain
domain, I also obtain the average risk aversion parameter in the loss domain using the geometric means
and using alternative values of censoring of bounds of lotteries A and F. The results are very similar
using these alternative approaches. Specifically, the average risk aversion parameter in the loss domain
is equal to 0.80 when geometric means are used to calculate the values of the CRRA ranges. This value
equals 0.85 when I set the lower bounds of lottery A at — 1 and the upper bound of lottery F at 3.
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Table 6 Pairs of choices by

= < > Total
individual (gain and loss ‘=L ‘e =L %~ oL o
domain) Observations 170 116 64 350
Proportion (%) 49% 33% 18% 100%

In order to better understand the choices made by the experimental subjects, I
investigate risk preferences at individual level by combining choices of each subject
both in the gain and loss domain. Table 5 displays the pairs of choices made by all
350 subjects in both domains. Six lotteries in the gain domain are displayed along
the first column, while six lotteries in the loss domain are displayed along the first
TOW.

To further explore the patterns documented in Table 5, I divide the sample into
three groups. The first group consists of subjects who made identical choices in the
gain and in the loss domain (diagonal elements of matrix in Table 4). Due to the fact
that the two risk elicitation procedures were identical in expected utility terms, the
CRRA parameter in the gain domain (i.e., ;) is the same as the CRRA parameter in
the loss domain (i.e., o) for the subjects in this group.

Grouping the data into the other two categories helps to distinguish between
those whose risk aversion coefficient in the gain domain was greater than that in the
loss domain and vice versa. The second group consists of subjects who chose more
risky lotteries in the gain domain than in the loss domain (all north-east off-diagonal
elements of matrix in Table 5, implying o5 < o). Subjects in the third group chose
less risky lotteries in the gain domain than in the loss domain (all south-west off-
diagonal elements of matrix in Table 5, implying o5 > o7).'°

Table 6 shows the proportions of individuals placed in each of the three groups.
Importantly, the table reveals an interesting pattern of heterogeneity. Only approx-
imately half of the individuals made identical choices in the gain and in the loss
domain, and there are significant proportions of individuals in each of the other
groups. Specifically, 33% of the subjects are more risk averse when choices are pre-
sented as losses rather than as gains (o5 < op). This is higher than 18% of the sub-
jects who are less risk averse when choices are presented as losses rather than as
gains (oG > o).

3.3 Results from regressions of personal characteristics on risk aversion
I proceed by investigating whether any farmer-specific characteristics have a statisti-

cally significant impact on lottery choices in the gain domain (Table 7) or in the loss
domain (Table 8). I consider three different empirical specifications depending on

10 For instance, a subject choosing Ag and E; falls into the category characterized by o < o}, whereas a
subject choosing E; and A; falls into the category characterized by o > 0.

! Importantly, these proportions remain essentially unchanged if I exclude 10% of subjects who did not
answer correctly all questions measuring the level of subjects’ understanding of the experiment
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how the dependent variable is defined. Specifically, I consider models whereby the
CRRA ranges are constructed using either arithmetic means or geometric means,
and a model whereby the dependent variable takes integer values of 0, 1, 2, 3, 4, and
5 for lotteries A, B, C, D, E, and F, respectively.

In the three models with lottery choices in the gain domain (Table 7), none of
the controls are statistically significant except for the gender variable. Specifically,
in these regression models males are found to be less risk averse, and the result is
statistically significant at 10%. The coefficients on all of the household character-
istics are not statistically significant in the three models with lottery choices in the
loss domain (Table 8). Finally, I also run a regression whereby the dependent vari-
able is a dummy variable taking the value of 1 if a subject made the same choices
in the gain and in the loss domain (i.e., a subject chose lotteries in accordance with
expected utility theory). Table 9 shows that none of the controls are statistically sig-
nificant in this model.

4 Discussion

The overall pattern observed in my data indicates that there may be heterogeneity
across subjects in their decision-making. This heterogeneity relates to the general
idea emphasized by Harrison and Rutstrom (2009), namely, one single model of
decision-making may not capture well the behavior of all subjects. Expected util-
ity theory may not be the accurate theory explaining the behavior of all subjects
participating in a given experiment. While it might accurately explain the choice by
a substantial proportion of subjects, another substantial proportion of subjects may
not act according to expected utility theory.

As noted by Harrison and Rutstrom (2009), different types of decision-makers
may be characterized more accurately using distinctive theoretical frameworks, and
also within each type there may be additional form of heterogeneity, such as a dif-
ferent degree of risk aversion (for which I also find evidence in my dataset). Half of
my experimental subjects (51%) perceive lotteries in the gain frame and in the loss
frame differently, which could not be explained by expected utility theory.'>!?
Understanding the preferences of decision-makers is important in policy evalua-
tion (Duflo et al., 2007), such as in the context of promoting the adoption of more
profitable but riskier agricultural technologies (Gollin et al., 2021). As a range of

12 Ordered lottery selection procedures have a crucial advantage of simplicity, but limited data collected
in my experiment is a constraint on considering alternative frameworks for decision-making, such as
prospect theory. Furthermore, as noted by Harrison and Rutstrom (2008), some risk elicitation methods
(including ordered lottery selection procedures) that comprise lotteries offering a certain amount may
result in subjects evaluating gains and losses relative to different reference points (e.g., using either the
amount of O or the certain amount as the reference point).

13 Given that none of the pairs of lotteries in the loss domain can be expressed as the corresponding
lotteries in the gain domain with the common consequence of an identical loss, the choices of the experi-
mental subjects in violation of expected utility theory cannot be explained by a violation of the independ-
ence axiom.
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available policy interventions has come available in recent decades, gaining a bet-
ter understanding of risk preferences is becoming essential for maximizing policy
impacts and cost-effectiveness, and for identifying subjects who can benefit most
from a given intervention (Muralidharan & Niehaus, 2017).

5 Conclusion

In this paper, I use an artefactual field experiment to study the risk preferences of
Ghanaian farmers. I begin by replicating the study by Binswanger (1980) using a
non-standard subject pool of farmers from a different country. I subsequently con-
sider an alternative methodological approach whereby an identically ordered lottery
selection procedure in the gain domain is presented to experimental subjects in the
loss domain. I find that the average subject in my sample is moderately risk averse.
However, using my alternative methodological approach, I also find that the deci-
sions of half (51%) of the experimental subjects were not consistent with expected
utility theory. These experimental findings combining the highly influential method-
ology developed by Binswanger with an alternative methodology are in line with the
growing trend of research focusing on behavioral explanations of actual decisions
made by economic agents.

Appendix

See Tables 7, 8 and 9

Table 7 Regressions of personal characteristics on risk aversion in the gain domain

6] @ 3

OLS OLS OLS
Farm size (ha) —0.002 (0.012) —0.002 (0.012) —0.009 (0.037)
If male — 0.180* (0.105) —0.182% (0.107) — 0.540* (0.323)
Age —0.004 (0.003) —0.004 (0.003) —0.013 (0.009)
Education level —0.022 (0.028) —0.023 (0.029) —0.080 (0.087)
Household size 0.007 (0.009) 0.007 (0.009) 0.022 (0.027)
If household head 0.140 (0.104) 0.142 (0.106) 0.425 (0.319)
If married 0.016 (0.095) 0.016 (0.096) 0.039 (0.292)
Constant 0.916%** (0.195) 0.892%** (0.198) 2.805%** (0.609)

Dependent variable in column (1) takes six values corresponding to arithmetic means of CRRA interval
bounds. Dependent variable in column (2) takes six values corresponding to geometric means of CRRA
interval bounds. Dependent variable in column (3) takes integer values 0-5 for lotteries A—F, respec-
tively. Standard errors are in parentheses. **#p <0.01, **p <0.05, *p <0.1
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Table 8 Regressions of personal characteristics on risk aversion in the loss domain

()]
OLS

@)
OLS

(€)
OLS

Farm size (ha)
If male

Age

Education level
Household size

If household head

If married

Constant

0.013 (0.013)
0.041 (0.101)
—0.002 (0.003)
0.007 (0.029)
—0.001 (0.009)
—0.021 (0.101)
—0.039 (0.102)
0.918%#* (0.225)

0.013 (0.013)
0.043 (0.102)
—0.002 (0.003)
0.006 (0.030)
—0.001 (0.010)
—0.023 (0.102)
— 0.040 (0.103)
0.895%#* (0.228)

0.031 (0.039)
0.142 (0.309)

— 0.005 (0.009)
— 0.002 (0.089)
—0.011 (0.029)
—0.091 (0.304)
—0.085 (0.311)
2.823%%% (0.686)

Dependent variable in column (1) takes six values corresponding to arithmetic means of CRRA interval
bounds. Dependent variable in column (2) takes six values corresponding to geometric means of CRRA
interval bounds. Dependent variable in column (3) takes integer values 0-5 for lotteries A-F, respec-
tively. Standard errors are in parentheses. ***p <0.01, **p <0.05, *p <0.1

Table9 Regression of personal R
characteristics on choices in

accordance with expected utility OLS

theory .
Farm size (ha) —0.002 (0.009)
If male 0.081 (0.081)
Age —0.000 (0.002)
Education level —0.030 (0.022)

Household size —0.003 (0.007)

If household head —0.033 (0.082)
If married —0.110 (0.077)
Constant 0.654*** (0.168)

Dependent variable takes value 1 if same lotteries chosen in the gain
and loss domain, and O otherwise. Standard errors are in parenthe-
ses. ¥*¥p <(0.01, **p <0.05, *p<0.1
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