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Abstract
While reducing the use of pesticides is a major challenge in developed

countries, dedicated policies did not yet result in a large adoption of low-
pesticide agricultural practices. We analyze farmers’ motivations to reduce
-or not- their use of pesticides. We use a discrete choice experiment includ-
ing, besides other attributes, the role of harvest-risk in farmers’ decisions,
whereas it has barely been studied in the quantitative literature. Our results
indicate that risk is a strongly significant factor: farmers need to receive in
average 79 euros per hectare and per year to compensate the risk of encoun-
tering one additional year of poor harvest out of ten. The administrative
burden that may come along with a practice change also significantly affects
farmers’ decisions. Reducing health and environment impacts is a motiva-
tion only for a minority class of farmers: mainly those who have some sources
of revenues from outside the farm.
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1 Introduction
Reducing the use of pesticides in agriculture has become a major challenge in devel-
oped countries. As shown by the recent extremely rapid growth of organic farming
(+ 20% of sales in France in 2016), consumers are now aware and demanding on
this issue.

Public policies have developed for the last ten years to provide adequate in-
centives to change behaviors and boost research on this topic. Several agricultural
practices have now proven efficient to maintain satisfactory yields while reducing
the use of chemicals (Lechenet et al., 2017). Reducing pesticides could possibly
reduce farmers’ costs, improve their health and environment and prevent pest re-
sistance (Wilson and Tisdell, 2001; Bourguet and Guillemaud, 2016). However, up
to now, results have been disappointing. From 2008 to 2015, farmers’ consumption
of chemical inputs has increased in Europe (+10% in France over this period) and
there is a lack of participation in Agri-Environmental Schemes aiming at reducing
pesticide use. What are the main obstacles that prevent farmers from adopting
low-pesticide practices that could be win-win strategies? There is a demand from
researchers in ecology and agronomy towards economists to understand the socio-
economic factors that explain farmers’ behavior.

Our work contributes to this question by measuring the relative weight of vari-
ous factors that determine farmers’ choice to reduce their use of pesticides. Several
socio-economic analyses have examined the motivations and obstacles to the adop-
tion of environmentally friendly practices by farmers, using various methodologies
such as focus groups, qualitative surveys, role-playing games or agent-based mod-
els.1 These methodologies are useful and complementary but we differ from them
by adopting a quantitative approach, in order to estimate the weight of each de-
cision factor, as well as farmers’ willingness to pay (WTP)/ willingness to accept
(WTA) for changes in these factors. Our methodology is based on non-market
valuation, using a discrete choice experiment (DCE).

The DCE method has increasingly attracted the attention of environmental
economists for the last ten years, as shown by their considerable recent use. It is
a stated preference method in which preferences are elicited through repeated fic-
tional choices made by respondents (Hoyos, 2010; Louviere et al., 2000). Compared
to other non-market valuation methods, DCEs have the advantage of capturing
the non-use value2 and of taking into account several characteristics, or attributes,
of the considered issue. It thus procures a WTP/WTA for each of these attributes
rather than a global WTP/WTA as a contingent valuation would do. It is particu-

1Dumont et al. (2016); Malawska and Topping (2016); Greiner et al. (2009); Wilson and
Tisdell (2001); Knowler and Bradshaw (2007).

2The non-use value of non-market goods is the existence value or bequest value. It is useful
when valuing, for instance, issues linked to biodiversity.
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larly useful to shed light on the trade-offs that occur in a decision-making. Among
the main drawbacks of the method, DCEs may induce some cognitive difficulties
(Hanley et al., 2002) as the questionnaire may be heavier than for a contingent
valuation and it implies more complex econometric estimations. We kept vigilant
on both these points.

The DCE approach has previously been used to examine farmers’ choices to
adopt environmentally friendly practices. Depending on the studies, the adop-
tion of the alternative practice can occur within3 or independently of 4 an agri-
environmental contract with public authorities. However, regarding the specific
issue of a reduced use of pesticides, to our knowledge, only few DCEs have been
published. Christensen et al. (2011), for example, analyze Danish farmers’ mo-
tivation to sign subsidy schemes for pesticide-free buffer zones. They show that
the contract flexibility is a major decision criteria. Kuhffus et al. (2014) look into
French wine-growers decision to sign an Agri-Environmental Scheme in which the
payment is partly individual and partly based on a collective result (i.e. there is
a bonus payment if the number of participants is above a given threshold). They
show that farmers value positively the collective component of the contract. Jaeck
and Lifran (2014) study rice-grower’s choice to reduce their use of chemical inputs
in Camargue (France) and show how targeted contracts are needed given farmers
heterogeneity.

Globally, the literature shows that decisions flexibility and the potential ad-
ministrative burden are two major components of farmers’ decision to change their
practices. However, only few contributions have looked into the role of risk in farm-
ers’ choices. Price-risk and harvest-risk are two factors that can drastically affect
farmers revenues and their variability (Menapace et al., 2013; Kimball, 1988). In
particular, a change in the use of pesticides can have major impacts on the stability
of yields and many farmers actually use pesticides as a form of harvest insurance.
As explained by Lechenet et al. (2017), "the transition towards low-pesticide farm-
ing strategies might be hampered by the uncertainty behind any deep change (...).
Risk aversion may be a hindering factor". Hudson and Lusk (2004) examine the
role of the price-risk but the harvest-risk is even more at stake when considering
the use of pesticides. As we will see, risk is not an easy factor to be conceptualized
as a DCE attribute that is convenient and easily understandable for respondents.
Our analysis is a first attempt to include, besides other attributes, the role of the
harvest-risk in 90 (75, at the end of the selection process) French farmers’ decisions
to reduce -or not - their use of pesticides.

3Kuhffus et al. (2014); Kuhfuss et al. (2016); Christensen et al. (2011); Broch and Vedel (2012);
Espinosa-Goded et al. (2010); Ruto and Garrod (2009); Hudson and Lusk (2004); Peterson et al.
(2015).

4Beharry-Borg et al. (2013); Jaeck and Lifran (2014); Birol et al. (2006); Vidogbena et al.
(2015).
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We first describe, in section 2, our methodology, including the experimental
design and data collection. We then describe, in section 3, the econometric mod-
els associated to the DCE approach. Section 4 goes further in the econometric
analysis by examining a Latent Class Model. Results and WTP/WTA estimates
are presented in section 5. They show that farmers express high preferences for
not bearing a risk of harvest loss as they need to receive in average 79 euros per
hectare and per year to compensate the risk of encountering one additional year
of poor harvest out of ten. Conclusions and policy implications are developed in
section 6.

2 The choice experiment
The choice experiment approach relies on economic theory of consumer choice and
non-market valuation. In a DCE survey, respondents have to make choices among
several options defined by their attributes (i.e., fundamental characteristics of the
respondents situation). Several choice sets are typically presented to respondents,
each composed of three options: the situation if nothing is changed (i.e., the
status quo) and two alternative options. The use of an opt-out option (status quo)
is known to improve the realism of the choice cards (Adamowicz and Boxall, 2001;
Kontoleon and Yabe, 2003). Respondents then choose their favorite option among
these three. Each option is characterized by different levels of the attributes. One
of these attributes usually represents the monetary contribution of the respondents.
Other attributes can include environmental or social implications of the considered
issue. See Louviere et al. (2000) for a detailed description of the method.

The DCE framework provides the advantage of taking into consideration several
attributes of the considered issue, delivering more detailed information than other
stated preference methods. Especially, it makes it possible to estimate the marginal
rates of substitution between the different attributes. When one of the attributes
is a cost, these marginal rates of substitution can be interpreted as the WTP (or
WTA) for changes in the attributes levels.

In our case, respondents are farmers who choose between conserving their ac-
tual agricultural practices (status quo) or changing for practices with a reduced
use of pesticides. The practice changes that were considered in our analysis were
voluntarily quite general in order to fit different types of farms and soil-climate
conditions. Precise examples were however exposed to make the options realistic
and place respondents in a real-life framework.
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2.1 Choice of the attributes and their levels

A first step in implementing our study was to choose the attributes composing the
options, and their associated levels. Many factors are likely to influence farmers’
choices to adopt low-pesticide practices: reducing input costs, improving their
public image, entering a network of farmers, improving their quality of life and
health, obtaining subsidies, an aversion to uncertain outcomes, routine behaviors,
a lack of technical knowledge, etc. However, as explained by Hanley et al. (2002),
the number of attributes must be limited so as to avoid the cognitive burden of
making too complicated choices. The selection of the attributes was based on (i)
the state of the literature, (ii) discussions with experts in agronomy, ecology and
agricultural economics, (iii) focus groups with farmers and (iv) pre-tests on the
choice sets. The focus groups and pre-tests revealed that the topic is very touchy
among French farmers’ community and we were very careful with the employed
terms and their potential interpretation.

As shown in Table 1, the chosen attributes are:

1. The farmer’s yearly profit (or gross margin) per hectare, expressed as a
variation compared to the status quo. This average profit per hectare and
per year, in euro, is the monetary attribute or cost attribute. The profit
varies with a change of practice due to unspecified factors, including the
impact on yields, on pesticide expenses, on public aids, on the sales price,
etc. This attribute takes the following possible values: -50 e, +0e, +50e,
+100e.

2. The risk of poor harvest, formalized as the number of years out of ten
years for which the harvest is drastically and exceptionally reduced compared
to a normal year (i.e., reduced by at least 30%). This poor harvest is due
to diseases, pests, weeds, etc. This attribute is expressed in additional years
with poor harvest compared to the status quo: +0, +1 year, +2 years.

3. The administrative framework of the change of practice, which describes
whether the change is coming along with any administrative commit-
ment. This commitment can be perceived positively as it may imply a
public support, better valued products or the integration in a network; but
it may also bring some administrative burden and thus be perceived neg-
atively. This attribute is qualitative and is expressed as the additional
commitments compared to status quo: "No additional administrative com-
mitment", "Charter" (inducing no contractual specification and a flexible
commitment), "Agri-environmental contract with public authorities" (with
specification), "Certification process" (associated with a specification, con-
trols and a green label).
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4. The health and environmental impacts, indicating how the exposure to
harmful substances for health or the environment is reduced with the change
in practice. It includes local and global environmental quality (biodiversity,
water quality,...) and farmers’ health as well as the general population’s
health. This attribute can take the following values: -0% (status quo only),
-20%, -50% -80% compared to the status quo.

Attribute Description Levels
Profit Variation in the average -50 e; + 0 e (SQ);

yearly profit per hectare +50e; +100e
Risk of poor harvest Variation in the number of +0 year (SQ);

years with exceptionally poor harvest +1 year;
out of 10 years +2 years

Administrative Administrative framework of the change None (SQ); Charter;
commitment of practice, if any Contract; Certification
Health Exposure to harmful substance for -0% (only SQ); -20%;
and environment impacts health and the environment -50%; -80%

SQ: level in the status quo (but also possible in the other options)
only SQ: level only possible in the status quo option

Table 1: Attributes and levels

As mentioned before, the concept of risk is difficult to express as an attribute.
Scientific terms such as variance or standard deviation should be banned as poorly
understandable to the general public. After various tests, the formulation we pro-
pose seemed a good way to express yield variability in easy terms. This formulation
is close to the one used in Jaeck and Lifran (2014). However theses authors ex-
press their risk attribute by the number of years for which the yield is beneath
the mean yield. Having one year with a yield beneath the mean yield actually
affects the mean yield and it is unclear in their article which mean yield is taken
as a reference. We opted for a number of years with bad harvest, for a given mean
profit (given by the first attribute). Our risk attribute represents the variability of
the profit on ten years but not the mean profit on this period. As a consequence,
the profit attribute and the risk attribute are independent. The exceptional and
drastic character of the bad harvest seemed realistic regarding crop attacks that
may occur without - or with low - pesticide use.

Regarding the "Health and environmental impacts" attribute, we initially set
up a questionnaire using a chemical treatment frequency index used in France
(the Indicateur de Fréquence de Traitements phytosanitaires (IFT)). Pre-tests,
however, revealed that this indicator induced some misinterpretations and accept-
ability problems from farmers who then perceived this attribute as a technical
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objective to be achieved rather than a reduction of the impacts. Our wish was
to capture here the environmental and health impacts of the agricultural practice
independently from the constraints it implies, which are captured in the other
attributes.

Figure 1 shows an example of a choice set (in French, as presented to respon-
dents) where the first column gives the attribute’s title and short definition, the
three following columns represent three options among which the respondent must
choose, the last column being the status quo.

Figure 1: Example of a choice set

2.2 The experimental design

The aim of the experimental design is to construct the options (i.e. the combina-
tions of attributes’ levels) that are presented to respondents. With four attributes
and three to four levels each, the questionnaire would be far too heavy if all the
possible combinations of attributes’ levels were submitted to respondents. In or-
der to choose the most relevant choice sets to be presented, that is those yielding
maximum information on respondents’ preferences, we use experimental design
techniques (see Louviere et al., 2000; Street et al., 2005) and the dedicated Ngene
software, which is a reference in this field. By using a Bayesian D-optimal design,
in our case a fractional factorial efficient design,5 we obtain a statistically optimal

5Details on the characteristics of the efficient design used and the associated program are
available upon request.
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sub-set of the possible combinations. According to the literature, efficient designs
have shown to lead to lower standard errors than orthogonal designs in particular
when the sample size is small (Bliemer and Rose, 2010, 2011; Greiner et al., 2014;
Rose and Bliemer, 2013).

This experimental design led to 16 different choice sets which were blocked
into two groups in which respondents were randomly assigned, as is usual. As a
result, the final questionnaire presented 8 choice sets to each respondent, which is
an acceptable cognitive load, given what is done in the literature.

2.3 Presentation of the questionnaire, data collection and
descriptive statistics

The DCE has been conducted among a set of French farmers (field crops, vegetable
farming, wine-growers and mixed crop/livestock), excluding organic farmers which
were considered as unable to reduce their pesticide use. The survey was held from
June 2016 to May 2017, taking two forms: face-to-face interviews on the farms
and a websurvey. We were careful to give very similar information in both types
of interviews. We obtained in total 90 answers.

The questionnaire was designed to last less than 20 minutes. Respondents’ were
told that the questionnaire was designed by the French Institute for Agricultural
Research (INRA) in order to implement better tailored public policies.6 The issue
addressed by our study was then shortly described with illustrated slides.

A first part of the questionnaire was dedicated to general questions regarding
the farmer’s activity, the size of the farm, the use of pesticides, as well as questions
aiming at assessing the status quo level of each attribute for the respondents. The
details of the four attributes and their implications were presented, delivering
information in the most objective and neutral way. A set of qualitative questions
was used to assess respondent’s awareness on the interactions between agricultural
practices, public policies and pesticide issues (see Appendix, Table 13).

The eight choice sets were then presented. For each choice set, respondents
had to choose between conserving their actual practices, or selecting one of the
two options associated with a reduced use of pesticides. The order of the choice sets
was randomized so as to avoid potential declining concentration always affecting
the same choice sets (last choices). During the choice sequence, the respondent
could click at any moment on specific information icons (see Figure 1) in order
to obtain additional explanations on each attribute. In order to detect protest

6The information delivered in this introductory part favors consequentiality, i.e. the fact that
respondents believe there is a non-zero probability that their answers influence actual decisions,
and that they may have to pay something in consequence. Consequentiality is a necessary (but
not sufficient) condition for incentive-compatibility (see Johnston et al., 2017).
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answers, farmers choosing the status quo in all choice sets were asked the reasons
of this choice.

After the choice sets came some final questions on the socio-economic situa-
tion of the respondent (income level, gender, age, level of education) and on her
understanding of the choice sets.

Some respondents were removed from the sample for various reasons: i) ten
were removed for too short response time: those responding to the websurvey in
less than eight minutes were considered as not reliable (see Börger (2016) for an
analysis of the link between the response time and the quality of the answer) ii)
five were removed for being identified as protest answers. We finally obtained 600
choices elicited from 75 respondents.

Table 2 and 3 present some descriptive statistics on this final sample. It is
composed of 31% of women. The respondents’ ages range from 23 to 68 years-old,
with an average of 46 years-old. The mean size of their farm is about 117 hectares
but there is a great disparity among them, as shown by the standard deviation (S.D
in Table 2) of the yearly turnover and profit per hectare. Additional descriptive
statistics regarding farms location and type are presented in the Appendix (Table
12), as well as statistics on respondents awareness (Table 13).

Table 2: Descriptive Statistics

In Table 4, we compare the main socio-demographic characteristics of our sam-
ple with the population of French farmers. A comparison with the population
limited to non-organic French farmers would have been even more appropriate
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Table 3: Descriptive Statistics

but data was not available for this sub-population. As shown in Table 4, our
sample is quite representative of the population regarding the age, sex ratio and
the proportion of respondents having a high school diploma. There is however an
over-representation of farmers having a higher education diploma (which is typical
for websurveys) and the mean size of the farm is significantly larger in our sample
than in the country.

Table 4: Comparison of socio-demographic characteristics
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3 A Random Parameter Logit model to account
for farmers’ heterogeneous preferences

3.1 Theoretical foundations of the choice experiment ap-
proach

The choice experiment modeling framework relies on the characteristics theory of
value (Lancaster, 1966) and the random utility theory (McFadden, 1974). Lan-
caster (1966) assumes that a good may be defined by a set of characteristics. The
value of a good therefore consists of the sum of the value of all its characteristics.
Applying this theory in a choice experiment approach, this means that an alterna-
tive can be characterized by a set of characteristics, that we call attributes here,
and that each attribute is associated with a utility level. The (indirect) utility
Vn,i of an alternative i ∈ {1, . . . , I} for respondent n ∈ {1, . . . , N}, where I and
N are given, possibly large, finite integers, is derived from the K observable at-
tributes of the alternative, denoted as Xi = (xi1, . . . , xik, . . . , xiK), as well as of a
set of A social, economic and attitudinal characteristics (socio-economic variables)
characterizing the respondent, denoted as Zn = (zn1, . . . , zna, . . . , znA):

(1) Vn,i = V (Xi, Zn) for n = 1, . . . , N and i = 1, . . . , I .

McFadden (1974) proposes to consider that individuals make choices according
to a deterministic part along with some degree of randomness. Combining the two
theories, we assume that the random utility of alternative i for individual n, Un,i,
is composed of the deterministic component Vn,i = V (Xi, Zn), and a stochastic
element, εn,i:

(2) Un,i = V (Xi, Zn) + εn,i

where the error term εn,i is a random variable that captures the unsystematic and
unobserved random element of the choice of respondent n (Hanley et al., 2005;
Holmes and Adamowicz, 2003; Louviere et al., 2000).

Assuming the rationality of individuals, respondents are thus supposed to as-
sociate each alternative i with a random utility level Un,i and choose the option
that provides them with the greatest utility within a given choice set. It comes
that an agent n will choose an alternative i from a finite set of alternatives S (with
card(S) ≤ I) if this random utility is greater than the random utility Un,j of any
other alternative j in S:

(3) Un,i > Un,j ⇒ Vn,i + εn,i > Vn,j + εn,j ∀ j 6= i; i, j ∈ S

The probability that a respondent chooses alternative i is the same as the
probability that the utility of alternative i is greater than the utility of any other
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alternative in the choice set (Adamowicz et al., 1998). Following Train (2009), this
probability is

Pn,i = P {Un,i > Un,j ∀ j 6= i; i, j ∈ S}(4)
⇔ Pn,i = P {Vn,i + εn,i > Vn,j + εn,j ∀ j 6= i; i, j ∈ S}(5)
⇔ Pn,i = P {εn,j < Vn,i − Vn,j + εn,i ∀ j 6= i; i, j ∈ S}(6)

3.2 Model specifications

According to equation (2), the random utility Un,i is composed of a deterministic
component, Vn,i = V (Xi, Zn), and a stochastic element, εn,i. Before estimating an
econometric model, one needs to specify the deterministic part of the utility func-
tion, Vn,i = V (Xi, Zn). The linear specification is often chosen in the literature as
it is the simplest to work with. We thus introduce the column vector of parameters
βn = (βn1, . . . , βnK)′, which are the coefficients quantifying the (linear) influence
of the K = 4 attributes on utility, and may be specific to each respondent n.

We also introduce an Alternative Specific Constant (ASC) term to capture the
effect of unobserved influences (omitted variables) on the utility function, which
is a dummy variable taking the value 1 if none of the hypothetical alternatives is
chosen (i.e., the status quo alternative is chosen), and 0 otherwise. Thus, the ASC
defines a situation with no variation of the farmer’s profit, no additional years with
poor harvest, no additional administrative commitment and no reduction of the
health and environment impact. A positive and statistically significant coefficient
η for the ASC dummy variable would indicate strong preferences for not moving
from the current situation.

Hence, the model is specified so that the probability of selecting a particular
farming practice scenario i is a function of attributes Xi of that alternative, of
the alternative specific constant ASC, and of the socio-economic characteristics
Zn of the respondent n. As the utility Vn,i is assumed to be an additive function,
equation (2) becomes:

(7) Un,i =
(
η + Znα

ASC
)
ASC +Xi(βn + αZ ′n) + εn,i

The column vector of coefficients αASC = (αASC1 , . . . , αASCA )′ captures the effect of
the socio-economic characteristics on the status quo utility, and the matrix α of size
(K,A) is composed of coefficients αi,a capturing the cross-effect of socio-economic
characteristic a on attribute i. In our case, Xi = (xi1, xi2, xi3, xi4) corresponds to
the different levels taken by the attributes "Profit", "Risk of poor harvest", "Ad-
ministrative commitment" and "Health and environmental impacts", respectively.

Thus specified, the parameters βn = (βn1, βn2, βn3, βn4)
′ quantify the influence

that the various levels of the four attributes have on the utility respondent n
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associates with the I different alternatives available, relative to the utility of the
status quo option that appeared on every choice card.

Different econometric models, which rely on different assumptions on the dis-
tribution of error terms εn,i, can be used to analyze the discrete choice data. In the
same way, the attributesXi = (xi1, xi2, xi3, xi4) can be treated as discrete or contin-
uous variables, and it is possible to combine qualitative and quantitative attributes
in the same model specification. Also, the interactions with socio-economic char-
acteristics can be modeled in different ways. We now specify our modeling choices.

3.3 The Random Parameter Logit model

The Conditional Logit (CL) model, also called the multinomial logit model, is the
workhorse model for analyzing discrete choice data and is widely used in DCEs.
Its mathematical specifications are presented in Appendix 7.1. This model has
however several well-known limitations. An important drawback is that it as-
sumes homogeneous preferences across respondents, meaning that the probability
that an agent n chooses alternative i in a choice set S, is considered fixed across
all individuals (βn = β for all n), while we can expect the preferences to vary
among the respondents. Two other important drawbacks are the hypothesis of the
independence of irrelevant alternatives (IIA) and uncorrelated unobserved compo-
nents. IIA implies that the relative probabilities of two options being chosen are
unaffected by the introduction or removal of other alternatives. If the IIA prop-
erty is violated7 then the CL model does not fit the data. Results will be biased,
leading to unrealistic predictions, and hence a discrete choice model that does not
require the IIA property should be used.

Compared to the CL model, the random parameter logit (RPL) model, also
called the mixed logit model, releases the IIA property by allowing the random
components of the alternatives to be correlated, while maintaining the assumption
that they are identically distributed (McFadden and Train, 2000; Greene, 2008).
It provides a more flexible method for capturing heterogeneity of preferences by
assuming that some parameters of the vector β are randomly distributed in the
population rather than fixed as in the usual CL model. In the RPL, the preferences
parameters βn are thus allowed to vary across respondents.

Whenever the error term εn,i is assumed to be an independently and identically
distributed Type I Extreme Value variable, the logit probability that respondent n
chooses a specific alternative i for a given β conditional on the individual-specific
parameters and error components can be expressed as follows:

(8) Pn,i|β = Ln,i(β) =
eVn,i(β)∑
j e

Vn,j(β)

7One can use the test proposed by (Hausman and McFadden, 1984) to test the IIA assumption.

13



The probability of choice unconditional on the error component is obtained by
integrating over the error-component space. Following this, the unconditionnal
choice probability of choosing alternative i is the logit formula in equation (8)
integrated over all values of β weighted by the density of β:

(9) Pn,i =

∫
Ln,i(β)f(β|Ω)dβ

where f(β) is the density function for β, describing the distribution of preferences
over individuals, and Ω is the fixed parameter of the distribution. Random param-
eters are generally supposed to be normally distributed in the RPL model because
it is the most easily applied distribution allowing for both negative and positive
preferences.

The choice probability in eq. (9) cannot be calculated exactly because the inte-
gral does not have a closed form solution in general. This integral is approximated
through simulations. A value of β is drawn from its distribution. Using this draw,
the logit formula in (8) is calculated. This process is repeated for many draws, and
the mean of the resulting Ln,i(β) is taken as the approximate choice probability
yielding:

(10) SPn,i =
1

R

R∑
r=1

Ln,i(βr)

where R is the number of draws of β, and SP is the simulated probability that an
individual n chooses alternative i.

3.4 Results

Table 5 presents the results for the RPL model when both the cost attribute
("Profit") and the "Health and environmental impacts" attribute (which have
quantitative levels) are specified as continuous variables but the two other at-
tributes ("Risk of poor harvest" and "Administrative commitment") are modeled
as effect-coded dummy variables.8 For robustness check, Table 10 in the Appendix
presents the results for the CL (first column) and the RPL model (second column)
when all attributes are specified as continuous variables. Table 5 also presents the
results of the RPL extended model taking into account interactions with socio-
economic variables (two columns on the right). We first present the results of the
model without interactions, and then discuss the effect of socio-economic variables.

8These attributes are encoded using i) two dummy-coded variables ("+ 1 year" and "+ 2
years") for the "Risk of poor harvest" attribute and ii) three dummy-coded variables ("Charter",
"Contract" and "Certification") for the "Administrative commitment" attribute. Thus defined,
the excluded levels for each variable – which are tied to the ASC – are "no additional years with
poor harvest" and "no additional administrative commitment", respectively.
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As commonly assumed in the literature (Hensher and Green, 2003), the coeffi-
cient associated with the cost attribute is considered to be constant, in opposition
to the other parameters of the RPL models, which are assumed to be normally
distributed.9 For these random parameters, distribution simulations are based on
1000 Halton draws to estimate their respective mean and standard deviation.

Regarding the results of the RPL estimations without interactions with socio-
economic variables (Table 5, first columns), standard deviations of a majority
of the coefficients are significant, indicating that a RPL provides a significantly
better representation of the choices than a CL10, capturing heterogeneity among
respondents.

Except for the "Health and environmental impacts" attribute, all the coeffi-
cients of the RPL model are statistically significant and have the expected sign.
Contrarily to what was expected following the focus groups, the coefficient of the
"Health and environmental impacts" attribute is not statistically significant at the
10 % level. The reduction of exposure to harmful substances for health or the
environment seems to have no significant effect on farmers’ decisions, a question
we shall discuss in Section 4.

The coefficient of the ASC is statistically significant at the 5% level and is
negative, meaning that farmers value negatively the fact of staying in the status
quo situation. The sign of the cost attribute coefficient ("Profit") is statistically
significant at the the 1% level. As expected, its positive sign indicates that a
higher profit has a positive effect on respondents’ utility.

All the dummy variables associated with the "Risk of poor harvest" and "Ad-
ministrative commitment" attributes have statistically significant and negative co-
efficients, meaning that an increase in harvest risk or administrative commitments
significantly reduces respondents’ utility. Interestingly, respondents associate any
additional administrative framework coming with a change of practice as a higher
administrative burden rather than as a beneficial support. We further detail the
economic interpretation associated to these coefficients when estimating the asso-
ciated WTP/WTA in section 5.

Role of the interactions with socio-economic variables In the extended
model (Table 5, last columns), we have tested the role of the socio-economic vari-
ables on the parameters associated to each attribute. Examining such interactions

9The normal distribution is symmetric and unbounded. It has the convenient advantage of
making no a priori assumption on farmers’ preferences: positive as well as negative parameter
values may be taken, in order to capture the heterogeneity in the population. Fixing the cost
attribute coefficient, on the contrary, ensures that all respondents have a positive valuation of
profits, according to intuition.

10Recall that a CL assumes that coefficients are the same for all respondents. For robustness
check, Table 11 in the Appendix presents the results for the CL model.
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Table 5: Results of the RPL models without and with socio-economic interactions
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helps to understand with more precision farmers’ preferences towards each at-
tribute. The coefficients of these socio-demographic variables are assumed to be
constant, as is common in the literature.

Interactions with the following socio-economic variables have been tested: age,
income, level of education, farm size, existence of sources of revenues from out-
side the farm, the farm type, whether the respondent thinks pesticides affect the
environment (i.e. awareness of environmental impacts), whether the respondent
thinks pesticides affect human health (i.e. awareness of health impacts), whether
the respondent thinks maintaining yields is compatible with reduced pesticide use,
whether the respondent initially knows her/his level of pesticides use, whether the
respondent has subscribed an insurance contract.

We have tested individually the significance of the interaction between these
variables and each attribute and have included the significant socio-economic vari-
ables in an extended model. The reduced model with significant interactions have
been obtained using the backward elimination procedure. Only interactions with
the ASC remain significant after this procedure. They are useful as they give
information on which types of respondents are more willing to move away from
the status quo, i.e., willing to change their farming practices towards reduced
pesticides.

All attributes parameters in the extended model are quite close to those in
the model without interaction, showing that estimations are robust. They remain
significant and have the expected signs, except for the "Health and environmental
impacts" attribute which remains not significant, suggesting that the impact of
pesticides on health and the environment is still not a major criteria in respondents’
decisions.

Regarding the interactions of the socio-economic variables with the ASC (bot-
tom part of Table 5), results show that farmers who have some revenues from
outside the farm ("Outside revenues") are significantly more willing to change
their practices (as they have a stronger disutility staying in the status quo). This
result confirms the idea that the behavior of farmers towards risk and the fear of
having less stable revenues is an obstacle to the adoption of low-pesticide practices.
Farmers who believe pesticides have a strong impact on the environment ("Aware-
ness of environmental impact") are also more willing to move from the status quo
- that is to adopt practices that reduce their use of pesticides - which is consistent
with intuition. The cropland types are coded as dummies, and their coefficients
must be interpreted as differences with respect to field crops farms. Results indi-
cate that vegetable farmers are significantly more willing to change their farming
practices than field crops farmers whereas mixed crop/livestock farmers are less
willing to do so than field crops farmers. There is no significant difference between
wine-growers and field crops farmers’ attitude towards leaving the status quo.
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4 Exhibiting two populations through a Latent Class
model

The fact that the "Health and environmental impacts" attribute is not significantly
affecting the choice to adopt a practice reducing pesticide use is puzzling. In order
to better understand farmers’ preferences for the various attributes, especially this
"Health and environmental impacts" attribute, we now try to determine whether
we can identify some classes of farmers who have similar behaviors and how these
classes can be defined.

4.1 A visual inspection as a starter

Using kernel density functions, Figures 2, 3 and 4 provide the distribution of
the individual parameters for each attribute and the ASC estimated by the RPL
model without interaction (similar distributions are obtained for the RPL model
with interactions).

Regarding the "Risk of poor harvest" (Figures 2) and the "Administrative com-
mitment" (Figure 3) attributes, farmers’ preferences appear to be concentrated
around a single value.

On the contrary, there seems to be at least two groups of preferences among
respondents for the "Health and environmental impacts" attribute and the ASC
(Figure 4). Note that the distribution of the parameter of the "Health and envi-
ronmental impacts" attribute is clearly concentrated around a positive value and
a negative (close to zero) value, which is not the case for the ASC coefficient (both
values are negatives). This rather particular distribution of the "Health and en-
vironmental impacts" attribute may explain why its coefficient is not statistically
significant in our results.

Though very useful and often revealing, inspecting graphs are always vulnerable
to subjective interpretation and more objective statistical analysis is needed. The
conclusions drawn from a simple visual inspection of the kernel density estimates
argue for the use of a latent class model.

4.2 The Latent Class approach

Another way to take into account the heterogeneity in respondents’ preferences is
to analyze the sample with a Latent Class Model (LCM).11 In this model, respon-
dents are sorted into a number of classes C in which preferences are assumed to
be homogeneous with respect to attributes. In contrast, preferences are allowed
to be heterogeneous between classes partitioning the population.

11The LCM also relaxes the hypothesis of the independence of irrelevant alternatives (IIA).
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"+ 1 year" "+ 2 years"

Figure 2: Distribution of the individual parameter for the two dummy-coded
variables per level ("+ 1 year" and "+ 2 years") for the "Risk of poor harvest"
attribute using kernel density functions

"Charter"

"Contract" "Certification"

Figure 3: Distribution of the individual parameter for the three dummy-coded
variables per level ("Charter", "Contract" and "Certification") for the "Adminis-
trative commitment" attribute using kernel density functions
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"Health and environmental impacts" ASC (keep the current practice)

Figure 4: Distribution of the individual parameter for the "Health and environ-
mental impacts" attribute and the ASC using kernel density functions

Compared to equation (8), the logit probability that respondent n prefers a
specific alternative i over alternatives j is no more defined for a given β but becomes
conditional on class c, as the β are now assumed to follow a discrete distribution
and belong to one of C classes. The conditional probability that respondents who
are members of class c choose alternative i is :

(11) Pn,i|βc =
eVn,i(βc)∑
j e

Vn,j(βc)
; ∀c ∈ {1, . . . , C}

where βc is the vector of preferences parameters specific to class c, representing
the average importance of each attribute for respondents belonging to c.

The unconditional probability of individual n selecting alternative i can be
expressed as:

(12) Pn,i =
C∑
c=1

(Mn,c · Pn,i|βc) =
C∑
c=1

(Mn,c ·
eXiβc∑
j e

Xjβc
)

whereMn,c is the probability that respondent n belongs to class c. This probability
is assumed to depend on the socio-economic characteristics Zn as follows:

(13) Mn,c =
eZnθc∑C
h=1 e

Znθh

the vector of parameters θc defining the effect of the various socio-economic vari-
ables on the probability to belong to class c (Boxall and Adamowicz, 2002).

The LCM model assumes that respondent’s socio-economic characteristics af-
fect choice indirectly through their impact on class membership. Note that θc
includes C − 1 class membership parameters with θC being normalized to zero for
identification. All other coefficients are thus interpreted relative to this normalized
class.
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4.3 Model with two latent classes

The conclusion drawn from the kernel density visual inspection is confirmed by
the results of the LCM with two classes. The 2-classes solution provides the best
fit to the data, as shown in Table 6.

Table 6: Criteria for determining the optimal number of classes

Table 7 presents the results of the LCM with two latent classes and respon-
dents’ socio-economic characteristics as Segment function (i.e., determinants of
class membership). These results indicate that our farmers sample can be divided
into two main classes: Class 1 comprises about 42% of the respondents, whereas
Class 2 comprises about 58% of them. Looking at Class 1 results, the coefficient
estimates are close to those estimated by the RPL models in Table 5, except for
the "Health and environmental impacts" attribute which is now statistically signif-
icant and negative. Respondents belonging to Class 1 value negatively exposure to
harmful substances for health or the environment when choosing their agricultural
practices. This class stands out from the majority of the respondents – Class 2
farmers – who does not take into account health and environmental considerations
(coefficient estimate is not statistically significant). Compared to Class 2, Class 1
is also characterized by the significance and negative sign of the ASC coefficient,
indicating that farmers in this class are more willing to leave the status quo, i.e.,
to reduce their use of pesticides, than those in Class 2.

To understand the drivers of class membership, the second part of Table 7
(bottom of the first column) presents class membership coefficients, describing
which socio-economic variables explain Class 1 membership, the second class being
normalized to zero. The positive and statistically significant coefficients of the
variables "Outside revenues" and "Awareness of environmental impacts" indicate
that farmers who have sources of revenues from outside the farm and who believe
pesticides have a strong impact on the environment are more likely to belong to
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Table 7: Results of the LC model with two classes and respondents’ socio-economic
characteristics as Segment function
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the class that values negatively health and environmental impacts and that is more
willing to reduce pesticide use.

Benefiting from additional revenues that are independent from the farm activity
can be interpreted as a form of insurance through a diversification of the sources
of revenues. The major role of the existence of outside revenues in farmers class
membership confirms the significance of risk aversion to explain farmers’ behavior.
Those who can protect themselves from harvest risk by other means than pesticides
are more willing to change their practices.

5 Willingness to accept estimates
As mentioned in Section 2, welfare measures can be determined in the form of
marginal WTP/WTA by estimating the marginal rate of substitution between the
considered attribute and income. The marginal utility of income is represented
by the cost attribute’s coefficient, βcost, which is assumed constant as mentioned
before. In our case, the non-monetary attributes are valued negatively by respon-
dents, so we measure WTAs rather than WTPs. Estimates of the WTA values
are obtained for each of the non-monetary attributes using the Wald procedure
(Delta method).12 Since utilities are modeled as linear functions of the attributes,
the marginal rate of substitution between two attributes is the ratio between the
coefficients:13

(14) WTAk = −dxcost
dxk

= − dU/dxk
dU/dxcost

= − ∂V/∂xk
∂V/∂xcost

= − βk
βcost

Estimates presented in Table 8 were calculated using the RPL models shown
in Table 5. For attributes modeled as effect-coded dummy variables in Table 5,
the WTA associated with each attribute k and each level l becomes:

(15) WTAlk = − βlk
βcost

where βlk are the estimated parameters, which measure the variation of utility
associated with a variation of the attribute k from the status quo level to level l.
WTAlk then represents the willingness to accept to move from the status quo level
of attribute k to a level l.

12The Delta method stipulates that the WTA for a unit change of a given attribute can be
computed as the marginal rate of substitution between the quantity expressed by the considered
attribute and the cost attribute (Louviere et al., 2000).

13It should be noted that the derivative of the unobserved part of the utility function is
supposed to be zero with respect to both attributes.

23



Since the RPL model assumes i) the cost attribute is a fixed parameter and
ii) other attributes’ coefficients are normally distributed, WTA are then normally
distributed. We then have the convenient result that:

(16) E[WTAk] = −E[βk]

βcost

(17) E[WTAlk] = −E[βlk]

βcost

Table 8: WTA estimates for the Random Parameter Logit models

The estimated standard deviations and confidence intervals around the mean
of the WTA estimates presented in Table 8 are obtained using the Krinsky and
Robb parametric bootstrapping method (Krinsky and Robb, 1986). In calculating
a WTA, it is important that both parameters used in the calculation be statisti-
cally significant, otherwise no meaningful WTA measure can be established. For
this reason, no WTA were estimated for the "Health and environmental impacts"
attribute with the RPL models.

As shown in Table 8, WTA estimates are similar using the RPL with or without
interactions - which shows that estimates are rather robust - and we thus focus on
the RPL with interactions in the results interpretation that follows.

Farmers in our sample need to receive 79 euros per hectare and per year (eu-
ros/ha/year), in average, to accept one additional year out of ten of poor harvest14.
They need to receive 116 euros/ha/year to accept two additional years out of ten
of poor harvest. The risk attribute seems to be a dominant criteria in our farmers
decisions. Farmers express high preferences for not bearing a risk of loss as shown
by the high amounts of the associated WTAs. We also note that this attribute is
not linear in the sense that farmers need to receive much more for the first addi-
tional year of risk of poor harvest than for the second year. It is the fact of having

14Note that this attribute is measured for a given profit (which is the cost attribute) and thus
only measures the variability of the harvest and not its level.
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an increased risk of loss - rather than the extend of the risk increase - that seems
to play most in their decision.

Regarding "Administrative commitment", farmers need to receive in average
47 euros/ha/year to accept to enter a charter, 75 euros/ha/year to accept to sign
an agri-environmental contract with public authorities, and 88 euros/ha/year to
accept to commit to a certification, all else being equal.15 There is a hierarchical ef-
fect in the levels of the "Administrative commitment" attribute: respondents need
to receive more to enter a certification process than an agri-environmental contract,
which itself requires more compensation than a charter. This is consistent with
intuition as a certification includes a rigorous specification and controls, contrarily
to a charter. Signing an agri-environmental contract with public authorities, such
as an Agri-Environmental Scheme, usually implies controls and specifications but
that are less constraining than a certification associated to a label.

Table 9 presents WTA estimates for the LCM with two classes and respondents
socio-economic characteristics as Segment function, which can help us to refine the
previous interpretations based on the average values of the RPL model.

Table 9: WTA estimates for the latent class model with two classes and respon-
dents’ socio-economic characteristics as Segment function

The farmers of Class 2 (covering 58% of our sample) are even more averse to
risk than the estimates for the whole sample. Risk has an almost linear effect for
them, with a WTA for "+2 years" equal to twice the WTA for "+1 year", while
the effect seemed to be marginally decreasing when considering the whole sample.
These farmers also seem to be highly reluctant to "Certification" (high WTA for
this attribute) and not to the other forms of "Administrative commitment". Last,
they do not account for the "Health and environmental impacts", in line with the
RPL estimations for the whole sample.

15That is, if the contract/charter does not imply extra-costs, reduced yields or any other
consequences on profit. In other words this WTA is only to compensate for the administrative
and control burden - or any potential disturbance - of signing a contract/charter/certification.
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Looking at WTA estimates for Class 1 (covering 42% of our sample), we can see
that the farmers belonging to this class are slightly less reluctant to "Administrative
commitment" than the average of the whole sample (the mean values and the
higher bounds of the confidence intervals of their WTA for these attributes are
lower than that of the whole sample in the RPL model). Their attitude towards
risk is also milder than the average of the whole sample. In particular, they value
"+1 year" and "+2 years" of "Risk of poor harvest" the same way,16 meaning
that they treat the increase of risk "qualitatively," notwithstanding the number of
additional years of poor harvest.

The main difference is that, for this class, a WTA for the "Health and environ-
mental impacts" attribute can be estimated, as the coefficient for this attribute
is significant for this class in the LCM. According to this result, respondents in
Class 1 need in average to receive 1 euro/ha/year to accept a 1% increase in the
health and environment impacts of their agricultural practices. In other words,
they are ready to loose 1 euro/ha/year to reduce the impact of their practices by
1%, which means that, everything else being equal, they could accept a profit loss
of 20 (resp. 50 and 80) euro/ha/year for a 20% (resp. 50% and 80%) reduction of
the "Health and environmental impacts" of their practices.

These results on the WTA for different attributes confirm the conclusions that
the studied farmers sample, and possibly farmers population, can be sorted out in
two groups: the first one (our Class 2) being reluctant to changes in risk increase
and commitment, and insensitive to the health and environmental impacts of pes-
ticides, while the second group (our Class 1) is willing to leave the status quo,
sensitive to the health and environmental impacts of pesticides, and moderately
averse to harvest-risk increase.17 The farmers in this latter group are more likely
to adopt agricultural practices that reduce pesticide use than those in the former
group.

6 Conclusion and policy implications
This article investigates farmers’ motivations and obstacles to reduce their use of
pesticides. We use a quantitative approach based on a discrete choice experiment
to measure the relative weight of various factors influencing farmers’ practices.
Our survey is the first of this kind on 90 French farmers.

16Although the mean WTA for two additional years of poor harvest is slightly lower than the
mean WTA for one additional year of poor harvest within this class, we can see looking at the
confidence intervals that the difference is not significant. The WTAs for one or two additional
years of poor harvest can thus be considered as equivalent for Class 1 in the LCM.

17Their limited aversion to the harvest-risk may be explained by the fact that farmers per-
taining to this class more often have sources of revenues from outside the farm (as shown by the
class membership probabilities in the previous section).
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We value farmers’ WTP/WTA for several non market components of their de-
cisions such as the administrative framework of a practice change, the impact of
their activity on health and the environment, and the risk of harvest loss (for a
given level of mean profit). Regarding the latter, using pesticides can be inter-
preted as an insurance behavior as it limits income variability by reducing harvest
losses, without necessarily increasing the total mean income (Menapace et al.,
2013). Farmers’ behavior towards risk is therefore a potential major component
explaining their willingness to reduce pesticides that had barely been examined by
the quantitative literature on the topic.

We used two econometric models, namely a Random Parameter Logit allowing
us to characterize the (average) preferences of the whole sample, and a Latent
Class Model that identifies two classes of farmers.

We find that the administrative commitment that may come along with the
agricultural practices change (charter, contract, certification) is not seen by farmers
as an opportunity for support or integration in a network but rather as a burden.
In particular, Agri-Environmental Schemes taking the form of a contract with
public authorities are valued negatively. All else being equal, farmers would need
to receive in average 75 euros/ha/year to accept signing such a contract.

Furthermore, the risk of poor harvest is a prominent obstacle for farmers’
reduction of pesticides use. All else being equal, farmers need to receive in average
79/ha/year to accept one additional year of poor harvest every ten years. This
amount is not very much higher (116 euros/ha/year) for farmers to accept two
additional years of poor harvest every ten years, which shows how much this risk
aversion corresponds here to an abstract fear rather than a rational behavior.
There seems to be a psychological cost of harvest loss which is not necessarily
correlated to the financial loss. The results of our Latent Class model, however,
allows to distinguish the preferences on this attribute over two groups of farmers.
Our Class 2 farmers (58% of the sample) are more reluctant to an increase in risk
(with a WTA of about 80 euro for each additional year of poor harvest) than the
farmers of our Class 1 (42% of the sample), which value an increase of risk at
about 70 euros, irrespective of the number of additional years.

The impact of the agricultural practices on health and the environment does
not seem to be a decisive factor for the interviewed farmers when analyzing the
sample as a whole (RPL model). Our Latent Class Model, however, identifies that
while the farmers of our Class 2 do not take this attribute into consideration, those
of Class 1 value negatively health and environmental impacts of their practices.
They are ready to give up 1 euro/ha/year to reduce these impacts by 1%. They are
also more willing than the other class to change their practices towards a reduced
pesticide use. Farmers who have sources of revenues from outside the farm are
more inclined to pertain to this class. This confirms the role of risk aversion in
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farmers behavior: diversifying the sources of revenues is a form of insurance which
seems to favor farmers change of practices.

Our results shed some light on the suitable agri-environmental policies to reduce
the use of chemical inputs in agriculture. First, the WTA for an increased harvest
risk can be interpreted as a risk premium, i.e., as a minimum amount necessary
for farmers to accept a risky practice change. The public subsidies implemented to
encourage a reduction of pesticides should offer an amount at least as high as this
risk premium, which varies according to the estimation of the risk magnitude (eg.
one or two years of poor harvest every ten years). Public mechanisms to support
risk-taking should also be considered, such as reliable and not too expensive public
insurances.

Moreover, ours results unambiguously show that administrative commitments
that may be necessary to reduce pesticides, for example to obtain a subsidy, are an
obstacle. This result is consistent with the DCE literature on the adoption of Agri-
Environmental Schemes. Authorities should set priority on improving the form
of the offered contracts/charters/certifications so as to limit the administrative
burden. Simplifying the formalities is probably a promising vector of improvement.
Offering free assistance for administrative tasks should also be generalized.

Last, we have shown that the existence of outside revenues is determinant
in farmers willingness to change practices. According to that result, lump-sum
subsidies that are independent from farming activities could help farmers to adopt
risky low-pesticide practices. Farmers with low, insecured income may be locked-in
pesticide intensive practices.

Further research is needed in this field. In particular, complementary choice
experiments among farmers could help to understand the weight of other factors
such as the need for technical training on new practices, the role of network and
neighborhood connexions, the impact of a practices change on work schedule, etc.
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7 Appendix

7.1 Mathematical details of the econometric models

Different discrete choice models are obtained from different assumptions about the
distribution of the random terms. The RPL and LCM models have been presented
in the main text. We present here the Conditional Logit (CL) model.

If we suppose that the unobserved components, the error terms εn,i, all inde-
pendently, among the N agents and between the I alternatives, follow a standard
Gumbel distribution18, we have specified a conditional logit model (or multinomial
logit model).

Since the unobserved components are independent, we can multiply Eq. (6) to
obtain the probability of individual n choosing alternative i, conditional on εn,i:

Pn,i|εn,i =
∏
j 6=i

P {εn,j < Vn,i − Vn,j + εn,i}(18)

=
∏
j 6=i

e−e
−(Vn,i−Vn,j+εn,i)(19)

Pn,i is then obtained with the integration of Pn,i|εn,i over the distribution of the
unobserved components:

(20) Pn,i =

∫ (∏
j 6=i

e−e
−(Vn,i−Vn,j+εn,i)

)
e−εn,ie−e

−εn,i
dεn,i

Calculations then lead this expression to simplify in

(21) Pn,i =
eVn,i∑
j e

Vn,j

where Pn,i only depends on observable components. Here the β′ vector contains
the βik parameters from Eq. (1), and vector Xi holds the attribute content of
alternative i. The CL model is estimated using maximum likelihood procedures.
This model assumes homogeneous preferences across respondents. In Eq. (21), the
probability that an agent n chooses alternative i in a choice set C, β′ is considered
fixed across all individuals, while we can expect the preferences to vary among the
respondents. The model also requires the hypothesis of independence of irrelevant
alternatives (IIA), which implies that the relative probabilities of two options being

18The εn,i are supposed to be Independent and Identically Distributed (IID) and to follow a
type I extreme-value distribution. Then the cumulative distribution function and the density
function of each εn,i are F (εn,i) = e−e

−εn,i and f(εn,i) = e−εn,ie−e
−εn,i , respectively.
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chosen are unaffected by the introduction or removal of other alternatives. Indeed,
according to Eq. (21), we have:

(22)
Pn,i
Pn,k

=

eVn,i∑
j e
Vn,j

e
Vn,k∑
j e
Vn,j

=
eVn,i

eVn,k

7.2 Robustness check: models comparison

In this subsection, we provide a comparison of the estimates of the CL and RPL
models, in two different model specifications.

Table 10 presents the results for the CL (first column) and the RPL model
(second column) when all attributes are specified as continuous variables.

Table 10: Results of the CL and RPL models when all attributes are specified as
continuous variables

Table 11 presents the results for the CL model when both the payment ("Profit")
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and the "Health and environmental impacts" attributes are specified as a contin-
uous variable but the two other attributes ("Risk of poor harvest" and "Admin-
istrative commitment") are modeled as effect-coded dummy variables

When comparing Tables 5 and 11, although estimates are similar in their order
of magnitude, the RPL models are preferred to the CL models due to their higher
value of the log-likelihood function.

7.3 Additional descriptive statistics and results of qualita-
tive questions
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Table 11: Results of the CL models without and with socio-economic interactions
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Table 12: Descriptive Statistics

Table 13: Sensitivity to the administrative commitment and to health and envi-
ronmental risk exposures

37


	Introduction
	The choice experiment 
	Choice of the attributes and their levels
	The experimental design
	Presentation of the questionnaire, data collection and descriptive statistics

	A Random Parameter Logit model to account for farmers' heterogeneous preferences
	Theoretical foundations of the choice experiment approach
	Model specifications
	The Random Parameter Logit model
	Results 

	Exhibiting two populations through a Latent Class model
	A visual inspection as a starter
	The Latent Class approach
	Model with two latent classes

	Willingness to accept estimates
	Conclusion and policy implications
	Appendix
	Mathematical details of the econometric models
	Robustness check: models comparison
	Additional descriptive statistics and results of qualitative questions


