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Abstract12

Renewable fuels development is an integral part of the public policies mix13

highlighted by policy makers to decarbonize the transportation sector. Wide-14

spread deployment of energy transition technologies will largely depend on the15

attitudes of consumers and citizens. This paper investigates the acceptance by16

the French population to pay a new annual tax to finance the development of17

new biofuels in order to reduce greenhouse gas (GHG) emission in this sector.18

With a Discrete Choice Experiment conducted among about 997 French citizens19

in 2018, we analyze preferences for different biofuel development policies. Using20

a two-stage method, we are particularly interested in the heterogeneity of these21

preferences. The first stage uses a random parameters logit model. It highlights22

the heterogeneity of preferences for the attributes within our sample. The23

means of marginal willingness to pay stemming from the random parameter24

model are 71, 105 and 142 euros for 20%, 30% and 50% reduction in GHGs25

emissions compared to 5% reduction. In addition, the support to agricultural26

sector and the avoidance of food price increase are valued, in mean, respectively27

at 60 euros and 39 euros. The second stage model uses a panel random-effect28

regression to estimate the influence of socioeconomic and spatial characteristics29

on marginal willingness to pay for each of the choice experiment attributes30

except for emissions reduction.31
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1 Introduction35

36

The French transportation sector is currently facing several major challenges:37

increasing its autonomy and energy efficiency, reducing its environmental footprint38

and dependence on fossil fuels. Renewable fuels are one of the energy transition39

technologies considered by policy makers to decarbonize the transportation sector.40

This article studies the French preferences for financing an industrial sector pro-41

ducing a new type of biofuel, with particular attention to the spatial heterogeneity42

of preferences. These preferences are estimated by conducting a nation-wide choice43

experiment survey.44

45

In France, transportation sector accounts for 34% of the final energy consumed46

and 26.4% of national greenhouse gas (GHG) emissions (excluding land use changes).147

It is the biggest emitter of GHGs at the French level. To reduce dependence on oil48

imports and tackle climate change, policy makers want to shift consumption be-49

haviour towards local “greener” energies. This is why biofuels are often presented50

as one of the ways to reduce GHGs emissions in the transport sector. Since 2006,51

the consumption of biofuels has been multiplied by five in France. However, biofuels52

actually used are first-generation biofuels coming from agricultural crops. The use of53

agricultural raw materials for their production has largely called into question their54

sustainability. Indeed, these biofuels induce an additional demand for agricultural55

raw materials initially used for food, inducing at the same time a competition on56

the uses with the food (and thus potentially a rise of the prices) leading to the well-57

known “food versus fuel” debate,2 but also a competition on the uses of arable land58

and uses of water for irrigation. Several pathways exist to limit the environmental59

consequences of the transportation sector without using agricultural raw materials.60

One is the development of new types biofuels, also called second-generation biofuels,61

mainly relying on lignocellulosic biomass3 or agricultural residues. In this regard,62

the “food versus fuel” debate leads to the adoption of the EU directive 2015/151363

to limit the use of first-generation biofuels to 7% of the final consumption of energy64

in the transport sector by 2020.465

66

This support for second-generation biofuels is motivated by better score in GHGs67

emissions reduction from Life Cycle Analysis (LCA) (Edwards et al., 2014) and a68

lower impact on agricultural prices. While second-generation biofuels have these69

1All these data come from Odyssee concerning energy and UNFCCC GHG profiles for emissions.
Road transport of goods or passengers represents more than 95% of these emissions.

2In particular, it deals with the role of biofuels in the large increase in agricultural commodity
prices during the 2000’s, see, e.g., OECD (2008), Nazlioglu (2011), Nazlioglu and Soytas (2012) and
Paris (2018).

3Biomass-based biofuels can be produced from wood residuals or energy crops as switchgrass or
jatropha.

4Note that this limit will also concern biofuels produced from energy crop grown on agricultural
land, except under specified conditions.
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advantages compared to the first one, it provides less opportunities for agricultural70

sector and have higher production costs. Note that effect of the second-generation71

biofuels on agricultural prices and agricultural activities could vary among feedstock72

used. Agricultural residuals-based biofuels can provide agricultural opportunities by73

valuing co-products without any impact on food prices. Energy crop-based biofuels74

can also provide agricultural opportunities. But they may yield to a rise in food75

prices, especially if energy crops used are in competition with food crops. On the con-76

trary, wood residuals-based biofuels do not lead agricultural support and risk in food77

prices. The citizens’ biofuels acceptance and the purchasing behavior of consumers78

could thereby depend on their preferences between the different characteristics of79

these two generations of biofuels, i.e., their respective advantages and disadvantages.80

81

Despite their increasing role in the transport sector, the general public has low82

knowledge about biofuels (Van de Velde et al., 2009; Pacini and Silveira, 2011;83

Aguilar et al., 2015) and fuel-cell vehicles are seen as a better technology to replace84

fossil-fuel vehicles (Petrolia et al., 2010; Aguilar et al., 2015). However, according to85

various studies (e.g., Solomon and Johnson, 2009; Van de Velde et al., 2009; Farrow86

et al., 2011; Johnson et al., 2011; Dragojlovic and Einsiedel, 2015) citizens have a87

rather positive opinion about biofuels in term of environmental benefits but prefer88

biofuels from non-edible feedstock (Jensen et al., 2010; Farrow et al., 2011; Delshad89

and Raymond, 2013; Aguilar et al., 2015; Dragojlovic and Einsiedel, 2015). Note90

that wood residuals-based biofuels are not always considered as environmentally91

friendly due to the problem of deforestation (Jensen et al., 2010) but only without92

information about this feedstock (Farrow et al., 2011). Finally, people see the de-93

crease of the energy dependence as one of main advantages of biofuels (Ulmer et al.,94

2004; Jensen et al., 2010; Farrow et al., 2011; Jensen et al., 2012).95

96

In this article, we estimate the preferences of the French for policies aimed at97

developing biofuels that emit less GHGs. Our results can provide support for the im-98

plementation of such policies. This seems relevant given the objectives that France99

has to achieve in terms of GHGs reduction on the one hand and in term of biofuels100

consumption on the other hand. Currently, France is the fourth largest producer101

of biofuels in the world (2nd in Europe after Germany). To our knowledge, this102

is the first study of stated preferences for biofuels in France. In addition, unlike103

previous studies of this type, we are not interested in preferences for a biofuel at the104

gas pump but rather in preferences for the development of biofuels as a solution to105

reduce GHGs emissions in transport. We use a discrete choice experiment (DCE)106

to analyze the preference structure of French citizens about biofuels between their107

main characteristics: (i) the opportunities for the agricultural sector of the domestic108

economy, (ii) the ability to reduce GHGs emissions of the transportation sector (iii)109

the impact on the food prices and (iv) a new tax paid by all French citizens.110

111

While contingent valuation methods (CV) allow to estimate a global willingness112

2



to pay (WTP), the DCE approach is able to disentangled WTPs by biofuels char-113

acteristic. Thus, rather than simply deriving estimates of willingness to pay for a114

given policy scenario, we study the determinants of the variation in these estimates115

within our sample. The main objectives of this article are: (i) identify the factors116

that influence the individual preferences for the financing of a new biofuel sector;117

and (ii) estimate the determinants of the spatial heterogeneity of preferences, with a118

special attention to the types and importance of agricultural activities in the areas119

where respondents are located. Following Campbell (2007), Campbell et al. (2009)120

and Yao et al. (2014), we use a two-step method. Firstly, we estimate a model121

that includes random parameters and an error component. This step highlights the122

heterogeneity of preferences. The means of marginal willingness to pay stemming123

from random parameter model are 71, 105 and 142 euros for 20%, 30% and 50%124

reduction in GHGs emissions compared to 5% reduction. In addition, the support125

to agricultural sector is valued, in mean, at 60 euros and 39 euros for the avoidance126

of food price increase. Secondly, we use a panel random effects regressions models127

to identify the determinants influencing WTPs for the biofuel policy. Our results128

highlight various spatial determinants for preferences among between two groups of129

respondents who are distinguished by the dominant type of agriculture at the local130

level. For one group, preferences vary according to local population density. For the131

other group, preferences vary according to the share of agricultural land on a larger132

scale. Other determinants such as tax burden perception and income also influence133

preferences.134

135

The rest of the paper is organized as follows. Section 2 provides literature review136

regarding WTP estimations about biofuels. Section 3 presents our experiment and137

sample. Section 4 describes our methodology with the theoretical framework, the138

model specification and econometric methods used to analyse respondents’ choices.139

Results are presented in the section 5 and the section 6 concludes.140

141

2 Literature review142

143

Savvanidou et al. (2010) analyze WTP for biofuels compared to fossil fuels in144

Greece with a CV survey and conclude to a mean premium of 0.079e per liter.145

Petrolia et al. (2010) find a premium in the U.S. between 0.06$ and 0.12$ per gallon146

for a 10% ethanol blend (E10) compared to gasoline. In addition, they estimate a147

premium in the range 0.13$-0.15$ per gallon for a 85% ethanol blend (E85). On the148

contrary, Liao and Pouliot (2016) highlight that consumers in Arkansas, Colorado,149

Iowa and Oklahoma accept to purchase E85 only if a discount exists in the price150

compared to E10. Only Californian consumers accept to pay a premium for E85.151

The lack of willingness to pay for biodiesel is also found by Kallas and Gil (2015) in152

Barcelona province.153
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154

With a CV survey in Boston, Minneapolis and Portland, Li and McCluskey155

(2017) find a premium of 11% for second-generation biofuels compared to gasoline156

with a higher WTP for Portland followed by Minneapolis, and then Boston. Solomon157

and Johnson (2009) use the CV analysis in U.S. Midwestern states to estimate the158

premium attributed to second-generation biofuels from different feedstock – agri-159

cultural residues, municipal solid wastes as well as wood and paper mill residues –160

compared to gasoline. They find an annual WTP between 252$ and 556$ depending161

on the treatment of non-respondents. In addition, no difference exists between the162

three feedstock proposed.163

164

Table 6 in Appendix A presents a summary of the literature about the WTP165

for biofuels using the DCE approach. Giraldo et al. (2010) and Gracia et al. (2011)166

evaluate WTP in Zaragoza (Spain) for biodiesel. They find a WTP of 0.05e and167

0.07e per liter for biodiesel compared to conventional diesel, respectively. Jensen168

et al. (2010, 2012) estimate preferences in the U.S. between E10 and E85 from dif-169

ferent sources. Biofuels from grass provide the higher WTP following by wood and170

then corn. In addition, the WTP is positively correlated with the GHGs emissions171

reduction and negatively with the distance of the station (as in Gracia et al. (2011)172

in Zaragoza) and the quantity of biofuels imported. This last result are also found by173

Farrow et al. (2011) in the New England states and Bae (2014) in South Korea. The174

positive impact of GHGs emissions reduction is also highlighted by Susaeta et al.175

(2010) for E10. In their studies in Arkansas, Florida and Virginia, they fail to find176

an impact on preferences of the enhancing biodiversity that can come from wood-177

based biofuels. Finally, Aguilar et al. (2015) find a positive effect of the blend rate178

in the U.S. – despite some conflicting results according to the econometric model179

used – and of the energy contents, i.e., the number of miles per gallon. Accord-180

ing to their results, consumers prefer corn- and cellulosic-based ethanol compared181

to ethanol without information about feedstock used. Note that in Barcelona, an182

increase in bread price – standing for food price impacts due to biofuel production183

– accentuates the non-acceptance of biodiesel (Kallas and Gil, 2015).184

185

Concerning spatial heterogeneity in preferences about biofuels, some CV surveys186

exhibit various WTP among American states or cities (Liao and Pouliot, 2016;187

Li and McCluskey, 2017). Some differences are also highlighted by DCE studies.188

Susaeta et al. (2010) highlight a significant greater valuation for E85 – and not for189

E10 – in Florida and Virginia compared to Arkansas. Citizens coming from states190

in Midwest and south of U.S. exhibit lower preferences for E85 compared to E10191

but not concerning corn based ethanol (Jensen et al., 2010). The heterogeneous192

valuation is also analyzed by Jensen et al. (2012) among all U.S. states. They193

found greater WTP to consume biofuels in order to reduce oil imports in Arkansas,194

Kentucky, Tennessee and West Virginia than other states. A higher WTP is also195

highlighted in rural area compared to metropolitan locality. Note that only Aguilar196
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et al. (2015) study heterogeneous preferences in terms of feedstocks. They highlight197

greater valuation for cellulosic biofuels in west coast states compared to others U.S.198

states. This result is explained by differences in the periods of public debate about199

biofuels among U.S. states. However, they also mention the need of studies analyzing200

spatial heterogeneity focus on location specific differences.201

3 The choice experiment202

The DCE approach relies on the economic theory of consumer choice and non-market203

valuation. In a DCE survey, respondents must choose from several options defined204

by their attributes ( i.e., fundamental characteristics of the respondents’ situation).205

Often, three options are presented: nothing changes ( i.e., the status quo) and two206

alternative options. The use of an opt-out option (status quo) is known to improve207

realism in choices (Adamowicz and Boxall, 2001; Kontoleon and Yabe, 2003). Re-208

spondents then choose their favorite option. Each option has different levels of the209

attributes. One of these attributes usually represents the monetary contribution of210

the respondents. Other attributes can include environmental or social implications211

of the issue under consideration. See Louviere et al. (2000) for a detailed descrip-212

tion of the method. The DCE framework has the advantage of considering several213

attributes of the issue, delivering more detailed information than other stated pref-214

erence methods. Especially, it makes it possible to estimate the marginal rates of215

substitution between different attributes. When one attribute is expressed in mone-216

tary terms, these marginal rates of substitution can be interpreted as the willingness217

to accept (WTA) or willingness to pay (WTP) for changes in the attributes levels.218

219

The DCE allows us to then estimate trade-off between different biofuels char-220

acteristics, called attributes, under hypothetical scenarios. After discussions with221

biofuels and fuels experts as well as with fuels consumers having knowledge of biofu-222

els or not, we selected four main attributes: (i) the monetary vehicle, i.e., an annual223

fiscal contribution during five years, (ii) the support for agricultural sector, (iii) the224

variation in GHGs emissions and (iv) the impact on food prices. We emphasize here225

our deliberate choice of using an annual fiscal contribution instead of a purchasing226

fuel-price as “monetary vehicle” attribute. It allows no-vehicle users to also express227

their preferences to participate, or not, to the development of biofuels and to finally228

finance an energy transition technology aiming at fighting climate change.5 GHGs229

emissions reduction is a traditional attribute in DCEs addressing biofuels issues230

(Jensen et al., 2010; Susaeta et al., 2010; Farrow et al., 2011; Jensen et al., 2012).6231

The two other attributes allow us to distinguish biofuels according to their type (i.e.,232

first- or second-generation) and their feedstock without providing too many infor-233

5Note that a similar fiscal contribution exists in France to finance public audiovisual group,
French households are thus familiar with this kind of public contribution.

6Note that the Table 6 in the Appendix A provides attributes and levels used by previous DCE
on biofuels.
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mations to respondents. Over-solicitation with unnecessary details are discouraged234

in DCEs (Bateman et al., 2002; Champ et al., 2017; Johnston et al., 2017), in order235

to avoid (i) investigations of information understanding and (ii) taking into account236

subjective perceptions (Johnston et al., 2017).237

238

Three usual attributes in DCE analysis about biofuels are omitted in our work239

to limit the number of attributes. First, we do not include availability of biofuels240

in gas station. However, we mention to respondents that new biofuels will be avail-241

able in all gas station. Second, we do not mention the blend rate of biofuels in fuel242

to avoid problem of motor compatibility. We provide information to respondents243

about the compatibility of biofuels in development with all vehicles. Third, we do244

not incorporate the biofuel price in the experiment as already explained.245

246

Table 1: Attributes and levels used for survey
Attributes Levels

Monetary contribution 0e (only SQ); 15e; 50e; 100e; 150e
Support for agricultural sector Yes; No (SQ)
Emissions variation 0% (only SQ); -5%; -20%; -30%; -50%
Impact on food prices Yes; No (SQ)

Note: "SQ" refers to levels in the status quo (but also possible in the other
options) and "only SQ" concerns levels only possible in the status quo option.

Levels for each attribute (see Table 1) were selected after discussions with biofuels247

and fuels experts. These focus groups lead us to specify the “Support for agricultural248

sector” and the “Impact on food prices” attributes as dichotomous choices – “Yes”249

or “No” – instead of continuous variables with different quantified levels. Indeed,250

quantitative or qualitative terms for levels need to be explained in a clearly and251

comprehensive manner (Johnston et al., 2012), which is difficult to achieve in the252

case of biofuels. After these discussions, the chosen attributes and levels are:253

1. The monetary contribution paid by each household in euros per year during254

five years: this attribute is the monetary attribute or cost attribute. The255

amount varies due to several factors including the biofuels generation, the256

feedstock used, the blend rate in the traditional fuel, etc. The maximal amount257

is based on the rounded amount of the audiovisual contribution paid by French258

citizens. The minimal level of this attributes is low – corresponding to 1.25259

euro per month – to allow low-income households to contribute without an high260

impact on their budgetary constraint. This attribute takes following values:261

0e (only for the status quo), 15e, 50e, 100e, 150e.262

2. The support for agricultural sector: the increase of first-generation biofuels263

production yield to an additional demand for agricultural commodities used in264

its production rising the agricultural activity. The development of agricultural265

residuals- or energy crop-based biofuels (second-generation) could also lead266
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to a support for the agricultural sector. On the contrary, development of267

wood residuals-based biofuels (second-generation) should not have impact on268

the agricultural activity. This attribute is qualitative and is expressed as the269

existence, or not, of an increase in agricultural activities compared to the270

situation without new biofuels development as: "No" (status quo), "Yes".271

3. The variation in GHGs emissions: the reduction in GHGs emissions can vary272

based on the generation of biofuel developed, the feedstock used, and the273

blend rate of biofuels in the traditional fuel. Second-generation biofuels pro-274

vide higher reduction in GHGs emissions compared to first-generation biofuels.275

Levels are based on LCA analysis (Edwards et al., 2014) and depend on var-276

ious factors mentioned previously. This attribute is expressed in percentage277

of variation compared to the status quo: 0% (only for the status quo), -5%,278

-20%, -30%, -50%.279

4. The impact on food prices: this attribute indicates how the food prices could280

be impacted by the development of biofuels. Development of first-generation281

biofuels will lead to an increase in food prices by using additional agricultural282

commodity in its production. Researches in second-generation biofuels has283

been encouraged to avoid a food prices increase based on an energetic use of284

food crops. This attribute is qualitative and is expressed as the existence,285

or not, of an increase in food prices compared to the situation without new286

biofuels development as: "No" (status quo), "Yes".287

288

To select the optimal combinations of attributes’ levels7 in choices cards pre-289

sented to respondents, we use the D-optimality criterion providing ten choices cards.8290

These were randomly blocked to two different blocks containing five choices cards.291

This first design has been administrated to a test sample comprising 42 respondents,292

i.e., 630 observations, to estimate priors used in a second efficient design.293

294

This DCE has been administered in March 2018 thanks to an on-line survey295

addressed to 997 French people aged 18 years or older. The survey begins with some296

information about biofuels in terms of actual use, political determination to develop297

them, their advantages and disadvantages. In addition, we mention the potential298

impact of responses on political choices to improve consequentiality9 and incentive-299

7The total number of scenarios is 42 × 22 = 64. Therefore, we cannot submit all choices to
respondents.

8The experimental design was generated using dcreate package for stata created by Arne Risa
Hole.

9The consequentiality concerns a situation in which a respondent faces or perceives a nonzero
probability that their responses will influence decisions and that they will have to pay for these
decisions if these have a cost. Consequentiality is one necessary but not sufficient condition for
incentive-compatibility of value elicitation (Herriges et al., 2010; Vossler et al., 2012; Carson et al.,
2014).
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compatible10 value elicitation (Herriges et al., 2010; Johnston et al., 2017). We also300

warn respondents about the negative impact of a new tax – with the monetary con-301

tribution – on their disposable income. This allows us to reduce the hypothetical302

bias.11 We mention that various successive choices will be proposed between two303

scenarios – A and B – and a status quo option and used an example of choices card304

to explain each attributes (see Figure 1 for an example of choices card). We also305

give the number of successive choices tasks to respondents to reduce implications for306

sequencing (Bateman et al., 2004). We then randomly attribute to each respondent307

a block of choices set whose five choices card are given in a randomize order to avoid308

having a potential declining concentration (last choices) always affecting the same309

choice set. In addition, we follow advice of Börger (2016) by forcing respondents to310

stay on each choice task a minimum amount of time before being able to continue311

the survey. By this, we avoid negative effects of speedy responses. In order to detect312

protest answers, respondents choosing the status quo in all choice sets were asked313

the reasons of their choices. Respondents finish survey by responding to social and314

economic questions allowing us to analyze impact of these citizens’ characteristics315

on their preferences structure.316

317

Figure 1: Example of a choices card for survey

We identified and removed 23 protest answers among 166 respondents choosing318

the status quo in all choice sets. The size of the final sample is 972.12 Its characteris-319

tics are presented in Table 2 and compared with those of the French population using320

10A mechanism is incentive-compatible when the respondent theoretically has the incentive to
truthfully reveal private information asked for by the mechanism (Carson et al., 2014).

11The hypothetical bias refers to the possible overestimation of the WTP due to the hypothetic
characteristic of scenarios.

12A respondent living in an overseas department has been removed as we focus our analysis on
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the data from The National Institute of Statistics and Economic Studies (INSEE).321

According to Table 2, our sample is rather representative of the French population322

aged 18-75 years.323

324

Table 2: Selected characteristics of study sample

Characteristics French population Sample

Size - 972

Gender (% female) 51.1% 51.0%

Age
Young (18 to 29) 19.8% 20.7%

Young adult (30 to 44) 26.8% 28.3%
Adult (45 to 59) 28.6% 26.1%

Old (60 to 75) 24.8% 24.9%

Professional activity
Top socio-professional category 15.7% 16.2%

Middle socio-professional category 16.4% 16.2%
Low socio-professional category 33.7% 32.2%

Retired 20.0% 23.1%
Inactive 14.2% 12.2%

4 Modelling framework325

326

Following Campbell (2007), Abildtrup et al. (2013) and Yao et al. (2014), we use327

a two-stage estimation procedure to identify and quantify the determinants of the328

individual-specific WTP estimates. We first estimate a Random Parameters Logit329

(RPL) Model to obtain the individual-specific parameters for the biofuels attributes.330

We then infer individual-specific marginal WTP for each attribute. Random-effects331

models for panel data are then used to analyze the heterogeneity of these estimated332

individual-specific WTPs and determine their main determinants.333

4.1 Theoretical framework334

335

The choice experiment modeling framework relies on the characteristics theory of336

value (Lancaster, 1966) and the random utility theory (McFadden, 1974). According337

to Lancaster (1966), the value of a good is defined by the sum of values of each own338

characteristics. In a DCE approach, each attribute k provide a utility level for each339

respondent n and for each alternative i which the respondent is facing. The (indirect)340

utility Vn,i of an alternative i ∈ {1, . . . , I} for respondent n ∈ {1, . . . , N}, where I341

and N are given, possibly large, finite integers, is derived from the K observable342

metropolitan France as well as a respondent who have done a mistake during survey.
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attributes of the alternative, denoted as Xi = (xi1, . . . , xik, . . . , xiK), as well as of343

a set of A social, economic and attitudinal characteristics (socioeconomic variables)344

characterizing the respondent, denoted as Zn = (zn1, . . . , zna, . . . , znA):345

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

McFadden (1974) proposes to consider individual choices as a deterministic com-346

ponent and some degree of randomness. Combining these two approaches, the ran-347

dom utility of the i-th alternative for each individual n, Ui,n, can be divided into348

a deterministic part, Vn,i = V (Xi, Zn), and a stochastic element, ϵn,i, capturing349

the unsystematic and unobserved random element of individual n’s choice (Louviere350

et al., 2000; Holmes and Adamowicz, 2003; Hanley et al., 2005).351

Un,i = V (Xi, Zn) + ϵn,i (2)

Assuming the rationality of individuals, respondents choose the alternative i352

from a finite set of alternatives S, also called scenarios in the DCE context, if its353

utility, Un,i, is greater than the utility derived from any other alternatives j, Un,j :354

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

The probability to choose the alternative i is thus the same as the probability
that the utility of alternative i is greater than the utility of any other alternative
(Adamowicz et al., 1998). Following Train (2009), the probability that the respon-
dent n chooses the alternative i is:

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

4.2 Model specifications355

356

According to equation (2), the random utility Un,i is composed of a deterministic357

component, Vn,i = V (Xi, Zn), and a stochastic element, ϵn,i. Before estimating an358

econometric model, one needs to specify the deterministic part of the utility func-359

tion, Vn,i = V (Xi, Zn). The linear specification is often chosen in the literature as360

it is the simplest to work with. We thus introduce the column vector of parameters361

βn = (βn1, . . . , βnK)′, which are the coefficients quantifying the (linear) influence362

of the K attributes on utility, and may be specific to each respondent n. The at-363

tributes (“support for agricultural sector”, “variation in GHGs emissions”, “impact364

on food prices”), were entered in the form of dummy coded variables. When there is365

support for agricultural sector, the corresponding variable takes the value of 1 and 0366

otherwise. A positive coefficient associated with this variable indicates a preference367

for support for the agricultural sector. When there is no increase in food prices, the368
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corresponding variable takes the value of 1 and 0 otherwise. A positive coefficient369

associated with this attribute indicates a preference for no increase in food prices.370

For the GHGs emissions’ attribute, three levels of reduction are represented (20%,371

30%, 50%). The variables take the value of 1 if the reduction level is present in the372

alternative and 0 otherwise. The effect of a level is interpreted in comparison with373

the reference level: “5% reduction in GHGs emissions compared to actual biofuels”.374

The attribute “monetary contribution” is a continuous variable.375

376

We also introduce an Alternative Specific Constant (ASC) term to capture the377

effect of unobserved influences (omitted variables) on the utility function, which is378

a dummy variable taking the value 1 in the status quo alternative and 0 otherwise.379

Thus, the ASC defines a situation with no creation of a new monetary contribution,380

no additional support for agricultural sector, no reduction in GHGs emissions in the381

transportation sector and no increase in food prices. A negative and statistically382

significant coefficient η for the ASC dummy variable (see equation (7) below) would383

indicate strong preferences for moving from the current situation, i.e., to accept a384

new monetary contribution to finance biofuels development in our case.385

386

Hence, the model is specified so that the probability of selecting a particular387

biofuels development scenario i is a function of attributes Xi of that alternative,388

of the alternative specific constant ASC, and of the socioeconomic characteristics389

Zn of the respondent n. As the utility Vn,i is assumed to be an additive function,390

equation (2) becomes:391

Un,i = ηASC +Xi(βn + αZ ′
n) + ϵn,i (7)

where Z ′
n = (zn1, . . . , zna, . . . , zAn) represents the vector of the A socio-demographic392

characteristics of the n-th respondent. Xi comprises all xik corresponding to the393

different level taken by the four attributes “Monetary contribution”, “Emissions394

variation”, “Support for agricultural sector” and “Impact on food prices”. Note that395

in our case, “Monetary contribution” is the monetary vehicles allowing us to esti-396

mate WTP for each attributes. Thus specified, β′ = (βn1, βn2, βn3, βn4) coefficients397

quantify the influence which the various levels of these attributes have on the utility398

that citizens associate with the different alternatives available, relative to the utility399

of the status quo option that appeared on every choice card. The matrix α of size400

(K,A) is composed of coefficients αi,a capturing the cross-effect of socioeconomic401

characteristic a on attribute i.402

403

Furthermore, as in Abildtrup et al. (2013), an error component is incorporated404

into the model to capture any remaining status quo effects in the stochastic part of405

the utility. The error component, which is implemented as a zero-mean normally406

distributed random parameter, is exclusively assigned to the two non-status quo al-407

ternatives. By specifying a common error component across these two alternatives,408

correlation patterns in the utility over these alternatives are induced. It therefore409
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captures any additional variance associated with the cognitive effort of evaluat-410

ing experimentally-designed hypothetical alternatives (Greene and Hensher, 2007;411

Scarpa et al., 2007b, 2008). This results in the following general utility structure:412

Un,i =

{
Vn,i + ϵn,i = V (Xi, Zn, βn, µn) + ϵn,i, ∀ i = 1, 2
Vn,i + ϵn,i = V (ASC,Xi, Zn, βn) + ϵn,i, i = SQ

(8)

where the indirect utility, V , is a function of the vectors of explanatory variables,Xi413

and Zn, as well as the vectors of individual-specific random parameters, βn. For414

the two experimentally-designed policy alternatives, the common individual-specific415

error component µn enters the indirect utility function, while it is replaced by the416

ASC for the status quo alternative. The unobserved error term ϵn,i remains assumed417

to be Gumbel-distributed.418

4.3 Random Parameters Logit Model419

420

The Conditional Logit (CL) model, also called the multinomial logit model, is421

the workhorse model for analyzing discrete choice data and is widely used in DCEs.422

This model has several well-known limitations. An important drawback is that it423

assumes homogeneous preferences across respondents, meaning that the probability424

that an agent n chooses alternative i in a choice set S, is considered fixed across all425

individuals (βn = β for all n), while we can expect the preferences to vary among426

the respondents. Two other important drawbacks are the hypothesis of the inde-427

pendence of irrelevant alternatives (IIA) and uncorrelated unobserved components.428

IIA implies that the relative probabilities of two options being chosen are unaffected429

by the introduction or removal of other alternatives. If the IIA property is violated430

then the CL model does not fit the data. Results will be biased, leading to unre-431

alistic predictions, and hence a discrete choice model that does not require the IIA432

property should be used.433

434

Here, we used a Random Parameter Logit (RPL) model, also called the mixed435

logit model, to analyze our data. Compared to the CL model, the Random Param-436

eter Logit (RPL) model (McFadden and Train, 2000; Train, 2009), also called the437

mixed logit model, releases the IIA hypothesis and is more valuable to take into438

account the heterogeneity of preferences. Indeed, the preferences parameters β are439

allowed to vary randomly across respondents allowing for the fact that different de-440

cision makers may have different preferences: βn ̸= βm ∀ n ̸= m; n, m ∈ 1, . . . , N .441

As such, conditional on the individual-specific parameters and error components, we442

can define the logit13 probability that respondent n chooses a specific alternative i443

for a given βn:444

Pn,i|βn = Ln,i(βn) =
eVn,i(βn)∑
j e

Vn,j(βn)
(9)

13As the error term is assumed to be IID Type I Extreme Value variable.
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Following this, the unconditional choice probability of choosing alternative i is the445

logit formula in equation (9) integrated over all values of βn weighted by the density446

of βn:447

Pn,i =

∫
Ln,i(βn)f(βn|Ω)dβn (10)

where f(βn) is the density function for βn, describing the distribution of preferences448

over individuals, and Ω is the fixed parameter of the distribution.14449

450

The choice probability in equation (10) cannot be calculated exactly because451

the integral does not have a closed form in general. This integral is approximated452

through simulations. For a given value of the parameters Ω, a value of βn is drawn453

from its distribution. Using this draw, the logit formula in (9) is calculated. This454

process is repeated for many draws, and the mean of the resulting Ln,i(βn) is taken455

as the approximate choice probability yielding equation (11):456

SPn,i =
1

R

R∑
r=1

Ln,i(βn,r) (11)

where R is the number of draws of βn, and SP is the simulated probability that an457

individual n chooses alternative i.458

459

βn varies over individuals in the population with density f(βn|Ω), where Ω is460

a vector of the true parameters of the taste variation, e.g., representing the mean461

and standard deviation of the βn’s in the population. Assumptions concerning the462

distribution of each of the random parameters, i.e., the density function f(βn|Ω), are463

necessary. The true distribution is unknown, so, in principle, any distribution could464

be applied (Carlsson et al., 2003; Hensher and Greene, 2003). In the present paper465

the parameters associated with all biofuels attributes, except the cost attribute, are466

supposed to be normally distributed random parameters, as commonly assumed in467

the literature (Hensher and Green, 2003). On the contrary, the coefficient associated468

with the cost attribute is usually kept fixed in valuation studies in order to avoid469

a ”wrong” sign ( i.e. negative) for a share of respondents. We believe that it may470

be important in the current case to let the monetary contribution be specified as a471

random variable because of spatial preference heterogeneity. A log-normal distribu-472

tion is thus assumed for this attribute.473

474

As explained by Burton (2018), econometric models that include categorical475

variables (as here) are not invariant to the choice of the “base” category when476

random parameters are estimated, unless they are allowed to be correlated. When477

14βn is usually assumed to take on a multivariate normal distribution, with mean b and covariance
ω where the off-diagonal elements of the covariance matrix are zero. Random parameters 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.
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not taken into account, the invariance can lead to significant increases in Type I478

errors. To avoid this bias, all results for the RPL models presented in this article479

are estimated with a full covariance matrix structure in which the random coefficients480

are supposed to be correlated.481

4.4 Panel Data Regression of marginal WTPs482

483

One important interest of the RPL model is the ability to calculate the means484

of attributes marginal WTP (mWTP) distributions for each respondent conditional485

on observed choice: their known sequence of choices (within sample).486

487

Welfare measures can be determined in the form of mWTP by estimating the488

marginal rate of substitution (MRS) between the considered attribute and income489

(Louviere et al., 2000). The marginal utility of income is represented by the cost490

attribute’s coefficient, βcost. Since utilities are modeled as linear functions of the491

attributes, the MRS between two attributes is the ratio between the corresponding492

coefficients.15493

494

For quantitative attributes, the WTP for a marginal variation of the level of495

attribute k for respondent n is496

Wn,k = −dxcost
dxk

= − dU/dxk
dU/dxcost

= − ∂V/∂xk
∂V/∂xcost

= − βk
βcost

(12)

For attributes modeled as effect-coded dummy variables, the W l
n,k associated497

with attribute k and category l is498

W l
n,k = −

βlk
βcost

(13)

representing the willingness to pay to move from the status quo category of attribute499

k to category l for respondent n.500

501

Once calculated, we wish to try and see how the variation of these WTPs esti-502

mates can be explained on the basis of socio-economic characteristics of respondents,503

taking into account the fact that these conditional means estimates are correlated504

when they pertain to the same respondent. Panel data procedures are thus used505

to account for systematic group effects. Here the sub-groups within the data are506

created by pooling the WTP estimates for each of the category l for attribute k held507

by each of the respondents. The econometric specification of the model is:508

W l
n,k = ψn + γDl

n,k + λZn + ϵln,k (14)
15The derivative of the unobserved part of the utility function is supposed to be zero for both

attributes.
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Where W l
n,k represents a 5-period panel of WTP for the l level of the attribute k for509

respondent n, ψn represents independent random variables with constant mean and510

variance, Dl
n,k is a vector of indicator variables for k minus one attribute levels l,511

Zn represents a vector of socio-economic characteristics, attitude and affiliations of512

respondent n, while γ, λ and ϵ are unknown parameters to be estimated. Assuming513

that the same factors influence WTP for each respondent, subject to an additional514

error term that differs for each individual respondent, implies the random-effects515

panel data model, which assumes ψn = ψ+νn. The αn values represent independent516

random variables with the same mean (ψ) and variance (σ2ν).517

5 Results and interpretation518

519

Recall that we want to analyze citizens’ motivation to reduce the GHGs emissions520

in the transportation sector by developing new biofuels with a two step procedures.521

We first estimate the WTP associated with various biofuel characteristics. The DCE522

presented in the section 3 has been conducted among 972 respondents. Therefore,523

we obtained 4,860 elicited choices (thus corresponding to 14,580 observations).16 We524

then analyzed heterogeneity in French citizens preferences and determined determi-525

nants of their preferences with a panel econometric model on marginal WTPs.526

527

5.1 Conditional Logit Results528

529

Let us first briefly comment the results from the Conditional Logit model pre-530

sented in the Table 3. As expected, monetary contribution affects negatively the531

respondent’s utility with a positive coefficient as the contribution monetary is used532

in negative form. In addition, results highlight non linearity in preferences con-533

cerning the emission reduction attribute with a significant and different impact on534

respondents utility for 20%, 30% and 50% reduction in GHGs emissions compared535

to the 5% level. This reduction in emissions positively impacts the utility confirming536

previous in previous studies (Susaeta et al., 2010; Jensen et al., 2010, 2012; Gracia537

et al., 2011). The sign of the ASC coefficient is negative and significant at the 1%538

level, indicating that respondents value negatively the fact of staying in the sta-539

tus quo situation: respondents thus value positively a tax for biofuel development.540

Concerning others biofuel characteristics, results are in line with our expectation.541

The utility of the biofuel development for the French citizens increases with biofuel542

production supporting agricultural sector and avoiding an increase in food prices.543

This last result is in line with the negative impact of the bread price increase on the544

utility found by Kallas and Gil (2015). However, the Conditional Logit model re-545

quires the IIA hypothesis that we are checked with the Hausman test applied to each546

16As we have 972 respondents with 5 choices cards between 3 alternatives, i.e., 972× 5× 3.
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alternative and the statu-quo. This hypothesis is rejected highlighting the necessity547

of using the Random Parameter Logit estimation.548

Table 3: Results for the Conditional Logit and Random Parameter Logit models
CL model RPL model

Coef. Std. Deviation
Alternative Specific Constant -0.251*** -2.143*** -

(0.057) (0.185) -
Monetary contribution 0.012*** -4.008*** 1.737***

(0.000) (0.087) (0.090)
Agricultural support 0.509*** 0.742*** 0.662***

(0.044) (0.084) (0.137)
Food prices increase 0.453*** 1.113*** 1.130***

(0.041) (0.090) (0.116)
Emissions variation

20% reduction 0.336*** 0.675*** 1.732***
(0.063) (0.123) (0.193)

30% reduction 0.856*** 1.458*** 1.380***
(0.073) (0.145) (.204)

50% reduction 0.985*** 1.693*** 2.476***
(0.041) (0.162) (0.210)

Error Component - - 3.481***
- - (0.223)

N (Ind.) 972 972
N (Obs.) 14,580 14,580
McFadden R2 0.0679 0,2669
Log Likelihood -4,976.61 -3,914.10

Alt. 1 Alt. 2 S.Q.
Hausman tests 77.84 43.5 62.94
for IIA hypothesis 0.001 0.001 0.001

Note: For each variables, the first line concerns the estimated coefficient and the second line
(in brackets) mentions the standard errors. The number of stars, i.e., one, two and three,
refers to the 10%, 5% and 1% significance level, respectively. The Hausman test lines mention
test statistics and p-value for Independence of each alternative. For the Random Parameter
Logit, the coefficient of the monetary contribution follows a log-normal distribution.

5.2 Random Parameter Logit Results549

550

Table 3 also presents results from the RPL estimations. As expected, the RPL551

model is preferred to the CL model due to its highest value of the log-likelihood552

function. Note that applications of the RPL model have shown its superiority in553

terms of overall fit and welfare estimates (Lusk et al., 2003). Moreover, it is a flex-554

ible model able to approximate any discrete choice model (McFadden and Train,555

2000) and relaxes the IIA assumption (Greene, 2008). All mean coefficients are556

significant at the 1% level, are of the expected sign confirming results from the CL557

model. French citizens utility increases with the development of a new biofuel as the558

ASC is negative. The support of the agricultural sector and the avoidance of food559

prices with the new biofuel also increase the utility confirming results from the CL560

model and highlighting the interest of the “food versus fuel” debate. Indeed, French561

citizens have interest in agricultural based biofuel – to provide activities in agricul-562
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tural sector – but prefer to avoid an inflationary impact on food prices. In addition,563

reductions in GHGs emissions by 20%, 30% and 50% with the new biofuel have564

more positive impact on French citizens utility compared to 5% reduction. These565

result highlights their willingness to fight against climate change through effort in566

the transport sector. Note that the estimated parameter for the monetary contribu-567

tion is the mean of the natural logarithm of the real coefficient (Train, 2009). The568

mean and the median of the real coefficient are thus 0.083 and 0.018, respectively.569

This positive coefficient highlights the preference of respondents for lower monetary570

contribution. Finally, all coefficients for standard deviations are significant at the571

1% level highlighting the heterogeneity in French citizens’ preferences concerning all572

biofuel characteristics analyzed here.17573

574
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Figure 2a and 2b present the distribution for the marginal willingness to pay of575

French citizens for each biofuel attributes stemming from the RPL estimation. Box-576

plots present the mean, the median, the interquartile range of the data as well as the577

first and ninth decile. They reflect sample variability regarding preferences for each578

attribute. The mean (resp. median) for mWTPs concerning GHGs emissions reduc-579

tion of 20%, 30% and 50% – compared to 5% – are 71, 105 and 142 euros (resp. 8.50,580

36 and 31 euros), respectively. Concerning agricultural and food characteristics of581

biofuels, the mean (resp. median) for mWTPs of French citizens are 60 and 39 euros582

17Note that the real coefficient for standard deviation concerning the monetary contribution is
0.365.
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(resp. 24 and 20 euros), respectively. These two latter mWTPs exhibit heterogene-583

ity with a range between the first and third quartile (resp. first and ninth quantile)584

close to 66 and 56 euros (resp. 197 and 125 euros).18 This heterogeneity in French585

citizens preferences concerning these two biofuel characteristics can now be analyzed.586

587

5.3 Panel regression588

589

Turning now to the second step of our analysis, Table 4 reports the estimation590

of our panel model for the marginal WTPs of our 972 respondents concerning the591

20%, 30% and 50% emission reductions – compared to the 5% emission reduction592

– as well as for the agricultural support and food price impact. As mentioned in593

subsection 4.4, we include indicator variables for all but one biofuel characteristics594

for the different types of marginal WTP. We explore the role of the agricultural en-595

vironment of respondents with dummies referring to the agricultural specialization596

of the city for each respondent compared to cities without agricultural activities. In597

addition, we also analyze impact of local and departmental importance of agricul-598

tural sector, through the share of agricultural land and the local population density599

on the mWTPs, as well as socioeconomic variables as income and the perception of600

tax burden. Note that the individual mWTPs are not known with certainty as they601

stem from a previous estimation. We should thus interpret coefficients significance602

with caution. Keeping in mind this limitation, we used this methodology allowing603

to determine marginal WTPs determinant following Greene et al. (2005), Campbell604

et al. (2008, 2009) and Train (2009), among others.605

606

The first column in the Table 4 presents impacts of the local agricultural special-607

ization on the mWTP compared to area without agricultural activity. This last one608

mainly corresponds to urban area. Two types of area appear to be distinct in term609

of preferences. Indeed, respondents living in area with local agricultural special-610

ization in livestock farming, poly-culture and market gardening have a significant611

lower mWTP – for all attributes together – of 43, 31 and 29 euros compared to the612

reference area, respectively. These differences are significant at the 1% (resp. 10%)613

level for the two first areas (resp. for the last one) and motivate the separation of614

our sample into two sub-samples through a dummy variable clustering respondents615

living in area with agricultural specialization in livestock farming, poly-culture and616

market gardening.617

618

The second column mentions results with the agricultural specialization dummy619

variable in interaction with attributes dummies to analyze impacts of this local agri-620

cultural variable on the mWTP of each biofuel characteristics. French citizens from621

18Note that mWTPs for emissions reductions also exhibit heterogeneity but we focus our analysis
on the biofuels characteristics linked to the “food versus fuel” debate.
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Table 4: Marginal WTPs panel regression model
(1) (2) (3)

Attributes

Constant 92.53*** 85.71*** 40.52**
(8.677) (7.287) (19.78)

30% reduction 34.62*** 35.46*** 34.62***
(4.432) (6.527) (4.432)

50%reduction 71.58*** 82.59*** 71.58***
(4.432) (6.527) (4.432)

Agricultural support -10.42** -18.82*** -10.42**
(4.432) (6.527) (4.432)

Food price impact -32.11*** -45.82*** -32.11***
(4.432) (6.527) (4.432)

Socioeconomic and locational variables
Local population density 0.002***

(0.001)
Dptmt. agricultural surface share 0.566**

(0.234)

Income 0.008***
(0.003)

Tax burden -20.65*
(12.07)

Agricultural specialization
No agricultural area ref.

-
Biofuel crops area -19.86

(13.15)
Livestock farming area -43.02***

(13.89)
Market gardening area -30.67*

(15.87)
Poly-culture area -28.96***

(10.90)
Viticulture area -16.88

(18.95)
Agricultural specialization subgroups -27.58*** -14.57*

(9.896) (8.818)
Attributes crossed with Agr. spec. subgroups

30% reduction -1.543
(8.864)

50% reduction -20.30**
(8.864)

Agricultural support 15.49*
(8.864)

Food price impact 25.28***
(8.864)

N (Ind.) 972 972 972
N (Obs.) 4860 4860 4860

R2 0.061 0.061 0.072
χ2(5) 39.61

0.001
Note: For each variables, the first line concerns the estimated coefficient and the second line (in brackets)
mentions the standard errors. The number of stars, i.e., one, two and three, refers to the 10%, 5% and 1%
significance level, respectively. Indicator for agricultural specialization subgroups is equal to one for livestock
farming, market gardening and poly-culture areas. Dptmt. agricultural surface share refers to the share of land
used for agricultural purpose in the department that the respondent comes from. The χ2(5) lines mention test
statistic and p-value of the Chow test applied on interaction between the agricultural indicator and attribute
indicators.

livestock farming, poly-culture and market gardening areas have lower mWTP to re-622

duce emissions by 50% as the interaction with the variable Agricultural specialization623

subgroups is negative and significant. In addition, these citizens are more sensible624

to the agricultural support and to avoid the food price pressure. Respondents from625

these agricultural areas seem to be more influenced by the agricultural support due626

to biofuel production compared to respondents living in area specialized in cereal627

crops. Biofuel crops areas could be nonetheless the main recipients of the agri-628

cultural support by the biofuel development. This result also highlights difference629

between American and French citizens about agricultural-based biofuels. Indeed,630

Jensen et al. (2010) show that citizens from Midwest – comprising the corn belt –631
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seem to have greater WTP for corn-based E85 compared to others American areas.632

Note that all interaction coefficients concerning livestock farming, poly-culture and633

market gardening areas are significant as a whole according to the result from the634

Chow test.635

636

Results for some socioeconomic variables are presented in the last column high-637

lighting the role played by the local population density, the income, the agricultural638

land share in the department – with a positive impact on the mWTP – and the639

perception of tax burden – with a negative effect. These results allow us to analyze640

the difference in the influence of these socioeconomic variables for both agricultural641

areas already found as mWTP influencing factor.642

643

Table 5: Panel regression for both area
Livestock farming, market Biofuel crops, viticulture and

gardening and poly-culture areas non agricultural areas

(1) (2) (3) (4) (5) (6)
Attributes

30% reduction 33.92*** 33.92*** 33.92*** 35.46*** 35.46*** 35.46***
(5.397) (5.397) (5.395) (7.225) (7.225) (7.215)

50% reduction 62.29*** 62.29*** 62.29*** 82.59*** 82.59*** 82.59***
(5.397) (5.397) (5.395) (7.225) (7.225) (7.215)

Agricultural support -3.330 -3.330 21.04 -18.82*** -18.82*** -10.76
(5.397) (5.397) (14.45) (7.225) (7.225) (8.27)

Food price impact -20.54*** -20.54*** 3.497 -45.82*** -45.82*** -35.22***
(5.397) (5.397) (14.45) (7.225) (7.225) (8.27)

Constant 35.91 55.16** 88.47*** 32.99 47.95*** 54.48***
(26.03) (22.70) (16.03) (28.73) (14.68) (14.28)

Socioeconomic and locational variables
Income 0.005 0.011** 0.011** 0.012***

(0.004) (0.004) (0.004) (0.004)
Tax burden -33.37** -32.84** -33.86** -10.47

(16.58) (16.54) (16.56) (17.70)
Dptmt. agricultural surface share 0.720** 0.625** 0.423

(0.311) (0.304) (0.352)
Local population density 0.003 0.002** 0.001**

(0.003) (0.001) (0.001)
Agricultural support in interaction with

Dptmt. agricultural surface share -0.470*
(0.259)

Local population density -0.001**
(0.001)

Food price impact in interaction with
Dptmt. agricultural surface share -0.463*

(0.259)
Local population density -0.001***

(0.001)
N (Ind.) 527 527 527 445 445 445

N (Obs.) 2,625 2,625 2,625 2,225 2,225 2,225
R2 0.056 0.056 0.046 0.084 0.081 0.072

Note: For each variables, the first line concerns the estimated coefficient and the second line (in brackets) mentions the
standard errors. The number of stars, i.e., one, two and three, refers to the 10%, 5% and 1% significance level, respectively.
Dptmt. agricultural surface share refers to the share of land used for agricultural purpose in the department that the
respondent comes from.

Last but not least, Table 5 presents results from panel regression for both agri-644

cultural areas with socioeconomic variables. First, we can note that each groups645

of French citizens represent close to the half of the sample. The livestock farming,646

market gardening and poly-culture areas regroup 54.1% of the whole sample against647

45.9% for the second group. Second, these two areas seem to be influenced by dif-648

ferent factors. While mWTPs of French citizens living in livestock farming, market649
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gardening and poly-culture areas seem to be impacted by their global agricultural650

environment – through the departmental agricultural land share presented in the651

Figure 3 –, respondents from areas without agricultural activities or with biofuel652

crops and viticulture is influenced by local environment with the local population653

density viewable on the Figure 4. For the first one, the agricultural surface share654

impacts positively the mWTP as the whole, with a positive coefficient in the column655

(2), but negatively the agricultural support and the food price avoidance through656

the negative coefficients in the column (3). French citizens from these areas have657

thus higher mWTP for agricultural support by biofuel production than others areas658

but the range of this difference decreases in departments with a large agricultural659

activity. Rather, the mWTP of the second one is positively influenced by the pop-660

ulation density – which might reflects the local agricultural environment –, with a661

positive parameter in the column (5), but inversely considering these two biofuel662

attributes with two negative coefficients. The difference in mWTP for agricultural663

support previously highlighted decreases concerning citizens from these areas living664

in a dense city. In addition, the mWTPs is negatively impacted by the perception665

of tax burden for the first group of respondents and positively influenced by the666

income for the second one.667

Figure 3: Agricultural surface by department
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Figure 4: Population density

6 Conclusion668

669

This article investigates French population’s motivations and obstacles to finance670

new biofuels development in the transportation sector. It uses a two-step approach671

– following Campbell (2007), Campbell et al. (2009) and Yao et al. (2014) – based672

on a nation-wide discrete choice experiment to (i) identify the influencing factors in673

individual preferences concerning a new biofuel development; and (ii) analyze the674

determinants of the spatial heterogeneity of preferences, with a special attention to675

the types and importance of agricultural activities around respondents localization.676

677

Based on a sample of 972 respondents, we first value respondents’ willingness678

to pay for several non market components of their decision such as the agricultural679

support of a biofuel development, the reduction in greenhouse gas emissions from680

the transportation sector and the existence of an impact of the biofuel development681

on food prices. The means of marginal willingness to pay stemming from random682

parameter model are 71, 105 and 142 euros for 20%, 30% and 50% reduction in683

GHGs emissions compared to 5% reduction. In addition, the support to agricultural684

sector is valued, in mean, at 60 euros and 39 euros for the avoidance of food price685

increase. Finally, our results highlight heterogeneity in French citizens preferences.686

687

Second, we use random-effects models for panel data to understand the hetero-688

geneity of individual-specific willingness to pay stemming from the random parame-689

ter model. We show that French citizens can be split into two categories depending690
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on the agricultural specialization of its localization. Respondents living in area691

specialized in livestock farming, poly-culture and market gardening have greater692

marginal willingness to pay to support agricultural sector and avoid food price in-693

crease compared to French citizens coming from area with biofuel crops or viticulture694

specialization or without agricultural activity. In addition, we highlight various spa-695

tial determinants for preferences among these two groups of French citizens. While696

marginal willingness to pay for agricultural support and food price increase avoid-697

ance of respondents coming from areas with livestock farming, poly-culture and698

market gardening activities are negatively impacted by the size of the agricultural699

sector in the department, these willingness to pay for other French citizens are neg-700

atively affected by the local population density. Finally, we found two other distinct701

determinants among these two groups of French citizens. The marginal willingness702

to pay of the first one is negatively linked to the perception of tax burden while the703

income is a determinant for the second one.704

705

Renewable fuels deployment is an integral part of the public policies mix adopted,706

both at the national and European level, to decarbonize the transportation sector.707

But widespread deployment of energy transition technologies will largely depend on708

the attitudes and preferences of consumers and citizens for these technologies. Our709

results show that individual preferences vary spatially depending on the agricultural710

context in which respondents live. This spatial variability of preferences could be711

taken into consideration when setting its policy.712

23



References713

Adamowicz, V. and Boxall, P. (2001). Future directions of stated choice methods714

for environment valuation. Choice experiments: A new approach to environmental715

valuation, London, pages 1–6.716

Adamowicz, W., Boxall, P., Williams, M., and Louviere, J. (1998). Stated preference717

approaches for measuring passive use values: Choice experiments and contingent718

valuation. American Journal of Agricultural Economics, 80(1):64–75.719

Aguilar, F. X., Cai, Z., Mohebalian, P., and Thompson, W. (2015). Exploring the720

drivers’ side of the blend wall: U.S. consumer preferences for ethanol blend fuels.721

Energy Economics, 49(C):217–226.722

Bae, J. (2014). Non-linear preferences on bioethanol in South Korea. Environmental723

and Resource Economics Review, 23(3):515–551.724

Bateman, I. J., Carson, R. T., Day, B. H., Hanemann, W. M., Hanley, N., Hett,725

T., Jones-Lee, M., Loomes, G., Mourato, S., Ozdemiroglu, E., and Pearce, D. W.726

(2002). Economic valuation with stated preference techniques: A manual. Chel-727

tenham: Edward Elgar.728

Bateman, I. J., Cole, M., Cooper, P., Georgiou, S., Hadley, D., and Poe, G. L.729

(2004). On visible choice sets and scope sensitivity. Journal of Environmental730

Economics and Management, 47(1):71–93.731

Börger, T. (2016). Are fast responses more random? Testing the effect of response732

time on scale in an online choice experiment. Environmental and Resource Eco-733

nomics, 65(2):389–413.734

Burton, M. (2018). Model invariance when estimating random parameters with735

categorical variables. Working Paper, 1804.736

Campbell, D. (2007). Willingness to pay for rural landscape improvements: Com-737

bining mixed logit and random-effects models. Journal of agricultural economics,738

58(3):467–483.739

Campbell, D., Hutchinson, W. G., and Scarpa, R. (2009). Using choice experi-740

ments to explore the spatial distribution of willingness to pay for rural landscape741

improvements. Environment and Planning A, 41(1):97–111.742

Campbell, D., Scarpa, R., and Hutchinson, W. G. (2008). Assessing the spatial743

dependence of welfare estimates obtained from discrete choice experiments. Letters744

in Spatial and Resource Sciences, 1(2):117–126.745

Carson, R. T., Groves, T., and List, J. A. (2014). Consequentiality: A theoretical746

and experimental exploration of a single binary choice. Journal of the Association747

of Environmental and Resource Economists, 1(1):171–207.748

24



Champ, P. A., Boyle, K. C., and Brown, T. C. (2017). A primer on nonmarket749

valuation. Amsterdam: Springer Science & Business Media.750

Delshad, A. and Raymond, L. (2013). Media framing and public attitudes toward751

biofuels. Review of Policy Research, 30(2):190–210.752

Dragojlovic, N. and Einsiedel, E. (2015). What drives public acceptance of second-753

generation biofuels? Evidence from Canada. Biomass and Bioenergy, 75:201–212.754

Edwards, R., Hass, H., Larive, J.-F., Lonza, L., Maas, H., and Rickeard, D. (2014).755

Well-to-wheels report version 4.a. Technical reports, JRC.756

Farrow, K., Teisl, M., Noblet, C., McCoy, S., and Rubin, J. (2011). Economics effects757

of biofuel production, chapter Does Money Grow on Trees? People’s Willingness758

to Pay for Cellulosic Wood Ethanol. InTech.759

Giraldo, L., Gracia, A., and Do Amaral, E. (2010). Willingness to pay for biodiesel760

in Spain: a pilot study for diesel consumers. Spanish Journal of Agricultural761

Research, 8(4):887–894.762

Gracia, A., Barreiro-Hurlé, J., and Perez y Perez, L. (2011). Consumers willingness763

to pay for biodiesel in Spain. 2011 International Congress, 8/30-9/2, 2011, Zurich,764

Switzerland 114605, European Association of Agricultural Economists.765

Greene, W. (2008). Econometric Analysis. Prentice-Hall, New Jersey, 6th edition.766

Greene, W. H., Hensher, D. A., and Rose, J. M. (2005). Using Classical Simulation-767

Based Estimators to Estimate Individual WTP Values, pages 17–33. Springer768

Netherlands, Dordrecht.769

Hanley, N., Adamowicz, W., and Wright, R. E. (2005). Price vector effects in choice770

experiments: an empirical test. Resource and Energy Economics, 27(3):227–234.771

Hensher, D. A. and Green, W. (2003). The mixed logit model: the state of practice.772

Transportation, 30(2).773

Herriges, J., Kling, C., Liu, C.-C., and Tobias, J. (2010). What are the conse-774

quences of consequentiality? Journal of Environmental Economics and Manage-775

ment, 59(1):67–81.776

Holmes, T. and Adamowicz, W. (2003). A primer on nonmarket valuation, chapter777

Feature based methods. Kluwer Academic Publishers.778

Jensen, K., Clark, C., English, B., and Toliver, D. (2012). Effects of demographics779

and attitudes on willingness-to-pay for fuel import reductions through ethanol780

purchases. Agriculture, 2(4):165–181.781

25



Jensen, K. L., Clark, C. D., English, B. C., Menard, R. J., Skahan, D. K., and782

Marra, A. C. (2010). Willingness to pay for E85 from corn, switchgrass, and783

wood residues. Energy Economics, 32(6):1253–1262.784

Johnson, D. M., Halvorsen, K. E., and Solomon, B. D. (2011). Upper midwestern785

U.S. consumers and ethanol: Knowledge, beliefs and consumption. Biomass and786

Bioenergy, 35(4):1454–1464.787

Johnston, R. J., Boyle, K. J., Adamowicz, W., Bennett, J., Brouwer, R., Cameron,788

T. A., Hanemann, W. M., Hanley, N., Ryan, M., Scarpa, R., Tourangeau, R.,789

and Vossler, C. A. (2017). Contemporary guidance for stated preference studies.790

Journal of the Association of Environmental and Resource Economists, 4(2):319–791

405.792

Johnston, R. J., Schultz, E. T., Segerson, K., Besedin, E. Y., and Ramachandran,793

M. (2012). Enhancing the content validity of stated preference valuation: The794

structure and function of ecological indicators. Land Economics, 88(1):102–120.795

Kallas, Z. and Gil, J. (2015). Do the spanish want biodiesel? A case study in the796

Catalan transport sector. Renewable Energy, 83:398–406.797

Kontoleon, A. and Yabe, M. (2003). Assessing the impacts of alternative opt-798

outformats in choice experiment studies: consumer preferences for genetically799

modified content and production information in food. Journal of Agricultural800

policy and Resources, 5(1):1–43.801

Lancaster, K. (1966). A new approach to consumer theory. Journal of Political802

Economy, 74(2):132–157.803

Li, T. and McCluskey, J. J. (2017). Consumer preferences for second-generation804

bioethanol. Energy Economics, 61:1–7.805

Liao, K. and Pouliot, S. (2016). Estimates of the demand for E85 using stated-806

preference data off revealed-preference choices. Agricultural & Applied Economics807

Association Annual Meeting, Boston, MA, 7/31-8/02.808

Louviere, J., Hensher, D., and Swait, J. (2000). Stated choice methods : analysis809

and applications. Cambridge University Press.810

Lusk, J., Roosen, J., and Fox, J. (2003). Demand for beef from cattle administered811

growth hormones or fed genetically modified corn: a comparison of consumers in812

France, Germany, the United Kingdom and the United States. American Journal813

of Agricultural Economics, 85(1):16–29.814

McFadden, D. (1974). Frontiers of econometrics, chapter Conditional logit analysis815

of qualitative choice behaviour. Academic press, New York.816

26



McFadden, D. and Train, K. E. (2000). Mixed MNL models for discrete response.817

Journal of applied Econometrics, 15(5):447–470.818

Nazlioglu, S. (2011). World oil and agricultural commodity prices: Evidence from819

nonlinear causality. Energy Policy, 39(5):2935–2943.820

Nazlioglu, S. and Soytas, U. (2012). Oil price, agricultural commodity prices, and821

the dollar: A panel cointegration and causality analysis. Energy Economics,822

34(4):1098–1104.823

OECD (2008). Rising food prices: Causes and consequences. Policy brief, Organi-824

sation for Economic Co-operation and Development.825

Pacini, H. and Silveira, S. (2011). Consumer choice between ethanol and gasoline:826

Lessons from Brazil and Sweden. Energy Policy, 39(11):6936–6942.827

Paris, A. (2018). On the link between oil and agricultural commodity prices: Do828

biofuels matter? International Economics, 155:48–60.829

Petrolia, D. R., Bhattacharjee, S., Hudson, D., and Herndon, C. W. (2010). Do830

americans want ethanol? A comparative contingent-valuation study of willingness831

to pay for E10 and E85. Energy Economics, 32(1):121–128.832

Savvanidou, E., Zervas, E., and Tsagarakis, K. P. (2010). Public acceptance of833

biofuels. Energy Policy, 38(7):3482–3488.834

Solomon, B. D. and Johnson, N. H. (2009). Valuing climate protection through835

willingness to pay for biomass ethanol. Ecological Economics, 68(7):2137–2144.836

Susaeta, A., Alavalapati, J., Lal, P., Matta, J. R., and Mercer, E. (2010). Assessing837

public preferences for forest biomass based energy in the southern United States.838

Environmental management, 45(4):697–710.839

Train, K. E. (2009). Discrete choice methods with simulation. Cambridge University840

Press, Cambridge, 2nd edition.841

Ulmer, J. D., Huhnke, R. L., Bellmer, D. D., and Cartmell, D. D. (2004). Acceptance842

of ethanol-blended gasoline in Oklahoma. Biomass and Bioenergy, 27(5):437–444.843

Van de Velde, L., Verbeke, W., Popp, M., Buysse, J., and van Huylenbroeck, G.844

(2009). Perceived importance of fuel characteristics and its match with consumer845

beliefs about biofuels in Belgium. Energy Policy, 37(8):3183–3193.846

Vossler, C. A., Doyon, M., and Rondeau, D. (2012). Truth in consequentiality:847

Theory and field evidence on discrete choice experiments. American Economic848

Journal: Microeconomics, 4(4):145–71.849

27



Yao, R. T., Scarpa, R., Turner, J. A., Barnard, T. D., Rose, J. M., Palma, J. H.,850

and Harrison, D. R. (2014). Valuing biodiversity enhancement in new zealand’s851

planted forests: Socioeconomic and spatial determinants of willingness-to-pay.852

Ecological Economics, 98:90–101.853

854

28



A
Li

te
ra

tu
re

su
m

m
ar

y

Ta
bl

e
6:

Li
st

of
D

C
E

ab
ou

t
bi

of
ue

ls
w

ith
de

ta
ils

ab
ou

t
at

tr
ib

ut
es

an
d

le
ve

ls
A

ut
ho

rs
C

ou
nt

ry
A

tt
ri

bu
te

s
L

ev
el

s
Su

sa
et

a
et

al
.

(2
01

0)
U

.S
.

P
er

ce
nt

ag
e

re
du

ct
io

n
of

C
O

2
em

is
si

on
s

E
10

:
1-

3%
(l

ow
),

4-
7%

(m
ed

iu
m

),
8-

10
%

(h
ig

h)
(p

er
m

il
e

tr
av

el
ed

)
E

85
:

1-
60

%
(l

ow
),

61
-7

0%
(m

ed
iu

m
),

71
-9

0%
(h

ig
h)

P
er

ce
nt

ag
e

im
pr

ov
em

en
t

of
bi

od
iv

er
si

ty
by

E
10

:
1-

20
%

(l
ow

),
21

-4
0%

(m
ed

iu
m

),
41

-6
0%

(h
ig

h)
re

du
ci

ng
w

il
dfi

re
ri

sk
an

d
im

pr
ov

in
g

fo
re

st
he

al
th

E
85

:
1-

25
%

(l
ow

),
26

-5
0%

(m
ed

iu
m

),
51

-7
5%

(h
ig

h)

In
cr

ea
se

of
th

e
fu

el
pr

ic
e

of
fu

el
at

th
e

pu
m

p
p

er
ga

ll
on

E
10

:
$0

.2
,

$0
.5

,
$0

.7
5,

$1
E

85
:

$0
.3

,
$0

.6
,

$1
,

$1
.5

G
ir

al
do

et
al

.
(2

01
0)

Sp
ai

n
B

io
di

es
el

B
io

di
es

el
,

co
nv

en
ti

on
al

di
es

el
P

ri
ce

e
0.

99
,
e

1.
10

,
e

1.
21

B
ra

nd
B

ig
br

an
d

p
et

ro
l

st
at

io
ns

,
sm

al
l

or
lo

ca
l

p
et

ro
l

st
at

io
ns

P
ro

xi
m

it
y

P
et

ro
l

st
at

io
n

is
cl

os
e

to
ev

er
yd

ay
ro

ut
e

(Y
es

),
ot

he
rw

is
e

(N
o)

Je
ns

en
et

al
.

(2
01

0,
20

12
)

U
.S

.
F

ue
l

pr
ic

e
(p

ri
ce

p
er

ga
ll

on
)

E
85

:
$1

.3
4,

$1
.4

2,
$1

.5
0,

$1
.5

8,
$1

.6
6

(E
10

:
$2

.0
0)

F
ee

ds
to

ck
fo

r
th

e
et

ha
no

l
E

85
:

co
rn

,
sw

it
ch

gr
as

s,
w

oo
d

w
as

te
s

(E
10

:
co

rn
)

P
er

ce
nt

of
fu

el
fr

om
im

p
or

te
d

so
ur

ce
s

E
85

:
10

%
,

33
%

,
50

%
(E

10
:

60
%

)
L

ev
el

of
G

H
G

s
em

is
si

on
s

re
du

ct
io

ns
co

m
pa

re
d

w
it

h
E

10
E

85
:

10
%

,
50

%
,

73
%

A
va

il
ab

il
it

y
of

th
e

fu
el

ne
ar

by
E

85
:

’o
n

yo
ur

w
ay

’,
2

m
in

’o
ut

of
yo

ur
w

ay
’,

5
m

in
’o

ut
of

yo
ur

w
ay

’
(E

10
:

2
m

in
ou

t
of

th
e

w
ay

)
G

ra
ci

a
et

al
.

(2
01

1)
Sp

ai
n

P
ri

ce
(e

p
er

li
tr

e)
1.

05
,

1.
1,

1.
15

,
1.

20
T

yp
e

of
di

es
el

B
io

di
es

el
,

B
io

di
es

el
w

it
h

a
su

st
ai

na
bl

e
la

b
el

,
C

on
ve

nt
io

na
l

D
ie

se
l

(S
Q

)
A

va
il

ab
il

it
y

in
a

p
et

ro
l

st
at

io
n

cl
os

e
to

th
e

ev
er

yd
ay

ro
ut

er
Y

es
,

N
o

P
la

ce
of

pr
od

uc
ti

on
E

ur
op

e,
O

ut
si

de
E

ur
op

e
F

ar
ro

w
et

al
.

(2
01

1)
U

.S
.

P
ri

ce
(p

ri
ce

p
er

ga
ll

on
)

U
su

al
fu

el
:

ra
ng

e
of

$1
.5

0
to

$4
.5

0
w

it
h

a
m

ea
n

of
$2

.5
0

E
th

an
ol

:
ra

ng
e

of
$1

.3
0

to
$4

.6
5

w
it

h
a

m
ea

n
cl

os
e

to
$2

.5
0

F
ee

ds
to

ck
fo

r
th

e
et

ha
no

l
C

or
n,

w
oo

d

G
H

G
s

em
is

si
on

s
(p

ou
nd

s
p

er
ga

ll
on

)

U
su

al
fu

el
:

ra
ng

e
of

15
to

25
w

it
h

a
m

ea
n

of
20

C
or

n
ba

se
d

et
ha

no
l:

re
du

ct
io

n
ra

ng
e

of
5%

to
60

%
w

it
h

a
m

ea
n

of
23

%
W

oo
d

ba
se

d
et

ha
no

l:
re

du
ct

io
n

ra
ng

e
of

40
%

to
80

%
w

it
h

a
m

ea
n

of
65

%
Im

p
or

t
ra

te
R

an
do

m
B

ae
(2

01
4)

So
ut

h
K

or
ea

P
ri

ce
ch

an
ge

s
of

ga
so

li
ne

+
20

K
R

W
,

+
80

K
R

W
,

+
12

0
K

R
W

U
se

of
do

m
es

ti
c

fe
ed

st
oc

k
fo

r
do

m
es

ti
c

bi
oe

th
an

ol
:

D
om

es
ti

c
ba

rl
ey

is
us

ed
fo

r
pr

od
uc

in
g

do
m

es
ti

c
bi

oe
th

an
ol

M
et

ho
d

of
pr

ov
id

in
g

bi
oe

th
an

ol
U

se
of

im
p

or
te

d
fe

ed
st

oc
k

bi
oe

th
an

ol
:

T
ap

io
ca

is
im

p
or

te
d

fo
r

pr
od

uc
-

in
g

do
m

es
ti

c
bi

oe
th

an
ol

Im
p

or
t

of
bi

oe
th

an
ol

:
B

io
et

ha
no

l
is

im
p

or
te

d
B

le
nd

in
g

ra
ti

os
of

bi
oe

th
an

ol
to

ga
so

li
ne

3%
,

5%
,

10
%

A
gu

il
ar

et
al

.
(2

01
5)

U
.S

.
P

ri
ce

/g
al

lo
n

$2
.7

5,
$3

.2
5,

$3
.7

5
(s

ec
on

d
ro

un
d:

$3
.1

0,
$3

.4
5,

$3
.8

0)
M

il
es

p
er

ga
ll

on
20

m
pg

,
25

m
pg

,
30

m
pg

E
th

an
ol

co
nt

en
t

0%
,

10
%

,
20

%
,

85
%

E
th

an
ol

so
ur

ce
co

rn
-e

th
an

ol
,

ce
ll

ul
os

ic
-e

th
an

ol
,

un
di

sc
lo

se
d

fe
ed

st
oc

k
K

al
la

s
an

d
G

il
(2

01
5)

Sp
ai

n
T

yp
e

of
di

es
el

co
nv

en
ti

on
al

di
es

el
,

B
10

,
B

20
,

B
30

L
oc

at
io

n
of

th
e

p
et

ro
l

st
at

io
n

’u
su

al
ro

ut
e’

,
’o

ut
si

de
th

e
us

ua
l

ro
ut

e’
T

yp
e

of
th

e
p

et
ro

l
st

at
io

n
’l

oc
al

p
et

ro
l

st
at

io
ns

’,
’m

ul
ti

na
ti

on
al

op
er

at
or

’
P

ri
ce

of
th

e
br

ea
d

un
ch

an
ge

d,
+

5%
,

+
10

%
,

+
20

%

29


	Introduction
	Literature review
	The choice experiment 
	Modelling framework
	Theoretical framework
	Model specifications
	Random Parameters Logit Model
	Panel Data Regression of marginal WTPs

	Results and interpretation
	Conditional Logit Results
	Random Parameter Logit Results
	Panel regression

	Conclusion
	Literature summary

