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1. Introduction 

In the past decade, stated preferences have been the main valuation approach employed 

to elicit the value of environmental goods (Hanley and Czajkowski, 2019). 

Notwithstanding, stated preference studies have been widely criticized for often failing 

validity and reliability tests (Zawojska and Czajkowski 2017, Bishop and Boyle 2019). 

As an increasingly popular stated preference method,   the potential of discrete choice 

experiments (DCEs) to provide credible information for decision making must still be 

scrutinized and procedures should be explored that improve the validity of welfare 

estimates derived from DCEs (Johnston et al., 2017). 

The academic community has paid much attention to the issue of hypothetical bias 

(HB), given the inherent hypothetical nature of the valuation task that has been frequently 

found to impede that respondents behave as they would in real markets (Lusk and 

Schroeder, 2004; Vossler et al., 2012; Loomis, 2014). In particular, hypothetical stated 

preference questions may not be understood as payment consequential by respondents. 

As a result, respondents may overstate their Willingness To Pay (WTP). Therefore, a 

large body of HB literature focused on mechanisms to reduce HB, or on explaining its 

underlying behavioral reasons (Kang et al., 2011; Grebitus et al. 2013; Jacquement et al. 

2013), investigated for private (Lusk and Schroeder, 2004; Tonsor and Shupp, 2011; 

Moser et al., 2014; Doyon et al. 2015; Liebe et al. 2019) and for public goods (Carson 

and Groves, 2007; Czajkowski et al. 2017; Zawojska et al. 2019). Despite these efforts, 

mitigating HB remains a concern for stated preference valuation studies (Penn and Hu, 

2018; Loomis, 2014; Murphy et al., 2005).  

Approaches to reduce HB from stated preference-based valuations can be 

classified into ex-ante and ex-post mitigation strategies1. Ex-ante approaches aim at 

reducing HB at the survey design stage by emphasizing the consequences of respondents’ 

choices, for example in terms of additional payments, or by reminding them to behave as 

they would in a real choice or purchasing situation (e.g., to consider budget restrictions, 

the existence of substitutes, or to avoid socially desirable responses). Amongst the ex-

ante tools often employed, cheap talk scripts (CTS) have been widely used that ask 

respondents consider responding as if payments were real. Despite the simplicity of CTS, 

the empirical evidence about their effectiveness is mixed. Some studies found CTS to be 

 
1 For a complete review of this approaches see Loomis (2011) and Loomis (2014). 



                                 Colombo, S. et.al. /WORKING PAPERS 20/2020 (325)                                       2 

 

successful in mitigating HB (Carlsson et al. 2005; List et al. 2006; Chowdhury et al. 2011; 

Tonsor and Shupp, 2011, Ladernburg and Olsen, 2014); others observed no effects on HB 

(Bosworth and Taylor, 2012; Moser et al. 2013; Varela et al., 2014). The use of CTS did 

not reduce HB in Doyon et al. (2015), who nevertheless suggested other positive effects 

such as the increasing the level of participation in the market. Several studies found CTS 

to be effective only for specific groups of people (Aadland and Caplan, 2003; Champ, 

Moore and Bishop, 2009; Barrage and Lee, 2010; Ami et al., 2011). Multiple reasons 

underpin these results. Through a meta-analysis on CTS performance, Penn and Hu 

(2019) recently demonstrated that CTS tends to be more effective for public goods 

(compared to private goods), and in cases where the initial extent of HB is larger, 

concluding that failure to detect reductions in HB through the use of CTS may be due to 

HB being small in magnitude in the first place.  

Ex-post approaches address HB at the data analysis stage by means of procedures 

that screen the data for implausible responses, often based on responses to questions asked 

after the valuation tasks. These may include respondents’ stated maximum WTP for the 

good in question following a choice experiment (Bush et al. 2009; Colombo et al., 2016) 

or respondents’ certainty about their choice (Champ et al., 2009; Ready et al. 2010; Akter 

and Bennett, 2013). Results of ex-post approaches generally assume that hypothetical bias 

exists and that follow-up questions can be used to obtain WTP estimates that better reflect 

true preferences, although an incorrect calibration of the responses may result in further 

bias (Beck et al., 2016). An alternative to follow-up questions is the combination of data 

from revealed preferences studies (if possible) with stated preference data (Azevedo et 

al., 2003; Brooks and Lusk, 2010), or to use revealed preference data to calibrate stated 

WTP (Fox et al., 1998).  

Simultaneous application of more than one HB mitigation technique may enhance 

HB reduction. Ladenburg and Olsen (2014) and Varela et al. (2014), for example, 

combined two ex-ante approaches by augmenting CTS with an Opt-Out reminder. This 

was, however, only found to be effective in the case of Ladenburg and Olsen (2014). As 

pointed out by Loomis (2014), ex-ante and ex-post approaches may also be combined in 

a single application. In a contingent valuation (CV) study, Whitehead and Cherry (2007) 

concluded that WTP estimates are similar when either ex-ante or ex-post approaches are 

employed, suggesting that both approaches should be considered as complements rather 

than substitutes.  To our knowledge, there are no previous studies that investigated the 

joint effect of using both ex-ante and ex-post approaches in DCEs.  
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This study addresses this research gap by drawing on data from a DCE on the 

environmental and social impacts of organic olive oil production to investigate the joint 

effect of ex-ante and ex-post approaches to mitigating HB. For the ex-ante approach, we 

test for sensitivity of WTP values to different CTS formats. Apart from the typical CTS 

that informs respondents about a common propensity to exaggerate stated WTP, we also 

consider a CTS which refers to the relative scale of the proposed project, and test whether 

the HB is affected by either CTS format. Additionally, we test whether the use of the 

combination of both CTS reduces stated WTP further. Regarding the ex-post approach, 

we follow the methodology proposed by Colombo et al. (2016), who reduce HB by 

allowing respondents to revise those choices in the DCE that were found to be 

inconsistent with responses to a follow-up question. Owing to multiple experimental 

treatments, our empirical data has four times the number of observations used by 

Colombo et al. (2016). Finally, to shed light on whether the mixed results observed in the 

literature on the performance of various HB mitigation strategies are due to the modelling 

approach, we use both a standard multinomial mixed (random parameters) logit (MXL; 

Revelt and Train, 1998) model and the more recent semi-parametric Logit Mixed Logit 

(LML; Train, 2016) model. The LML is arguably a more flexible approach, which allows 

estimation of the shape of the preference heterogeneity distribution without imposing 

restrictive assumptions regarding its parametric specification. This is one of the first 

applications of the LML model, thus providing further insights regarding its potential 

superiority over the standard MXL model (Franceschinis et al., 2017; Bazzani et al., 2018; 

Bansal et al., 2018).  

The paper is organized as follows. The subsequent section introduces the study 

design focusing on the ex-ante and ex-post procedures employed to mitigate HB and 

provides an overview of the case study. In section 3, we outline the methodology used for 

data analysis. We then present the results and discuss the implications for decision-

making in section 4, finishing the article with a set of conclusions.  

2. Study design 

An online questionnaire was developed to elicit respondents’ preferences towards 

environmental and social impacts of organic olive growing in the sloping areas of the 

Andalucía region, South of Spain. In the survey, relevant information regarding the 

studied good was introduced by means of short and clear pieces of information in order 

to keep respondents’ attention. We employed several graphical illustrations to describe 
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the olive growing production systems and their environmental and social impacts, which 

constitute the attributes of the CE. We clearly explained that the four different olive 

growing production systems (marginal, traditional, intensive and super-intensive) are 

associated with specific environmental and social impacts, and that among the four 

systems this study focused on marginal olive production. The CE attributes were i) 

reducing climate change impact, ii) biodiversity, iii) risk of pollution of water resources, 

iv) soil erosion, v) agricultural employment, and vi) an increase in tax. All the attributes 

except increase in tax were treated as qualitative and coded as dummy variables2. In all 

cases, detailed information about the levels each attribute could take was provided to 

respondents.  

Table 1 lists the attributes, their levels and the short labels used to identify them 

in the remainder of this article. An example of choice card is shown in Figure 1. Each 

choice task had three alternatives. Two alternatives described impacts of potential 

changes in olive growing in the area and were associated with an increase in tax. A third 

status quo alternative was available at no extra cost. A fractional factorial experimental 

design was determined by minimising D-error for a MNL specification using Bayesian 

techniques with priors determined from an earlier pilot study. 

Table 1: Attributes and levels of the choice experiment 

Attribute Levels Label 

Tackling climate 

change 

Low TCC1 

Medium TCC2 
High TCC3 

Biodiversity Low BD1 
Medium BD2 
High BD3 

Risk of pollution of water 
resources 

High WP1 
Moderate WP2 
Low WP3 

Soil erosion High SE1 
Moderate SE2 
Low SE3 

Agricultural employment 0 %, 
+5 % 
+10 %  

AE1 
AE2 
AE3 

Tax 0, 2, 7, 14, 23, 35, 51 
€/year 

TAX 

Note: Levels of the current situation are shown in bold. 
 

 
2 Further information about the choice experiment design in terms of attribute selection and description and the experimental design can 
be found in Colombo et al. (2016). 
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Figure 1: Example choice card 

We aim to test the effect of HB mitigation approaches on the premise that HB is 

likely to be present, given the public goods context of the DCE (Penn and Hu, 2019). Our 

hypothesis is that ex-ante and ex-post approaches are effective in achieving a positive 

reduction in WTP. Adopting the terminology of Penn and Hu (2019), we interpret a 

reduction in WTP through the use of ex-ante and ex-post approaches as a reduction in the 

extent of potential HB. For the experimental treatments associated with different 

(combinations of) ex-ante devices tested, and their combination with an ex-post approach, 

our null hypothesis is therefore that (mean) WTP based on these treatments is different 

from (mean) WTP based on a control treatment in which no HB reduction is undertaken.  

In order to test the effect of ex-ante approaches to mitigate HB, four different 

versions (treatments T1 to T4) of the questionnaire were implemented. In all treatments, 

we carefully described the choice task and included a typical reminder about respondents’ 

budget constraints and the existence of alternative goods they may prefer to consume. 

Special effort was dedicated to explain the consequentiality of the study in terms of the 

tax increase associated with the choice of alternatives. In particular, we informed 

respondents that the survey was commissioned by the Andalusian government, which is 
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well known to be the authority that holds the local competence in the agricultural policy 

field and can coercively impose taxes for the purposes under study.  

We employed available features of online surveys in order to encourage 

respondents to think carefully about their choices. These included delaying the 

availability of advancing in the survey when important information was conveyed, 

introducing access to pop up windows to explain the choice task and a definition of the 

attribute levels which were available throughout the completion of the choice tasks. 

Treatment 1 (T1) served as a control treatment where additional ex-ante HB mitigation 

strategies were absent. In treatment 2 (T2), respondents received a CTS that explicitly 

reminded them prior to the choice tasks about the consequences that their choices may 

have. The CTS script read: 

“Previous research shows that, sometimes, respondents selected an alternative 

which they would not choose if they had to pay for it in reality. That is to say: they chose 

an alternative ignoring the associated cost to them, because this cost is not incurred 

immediately. This type of behavior can lead to erroneous conclusions from the study and 

may result in the application of a higher tax increase than society is actually willing to 

pay to see the proposed changes in olive orchards implemented. Therefore, we ask you to 

only choose an alternative if you are willing to pay the associated increase in your taxes, 

in exchange for the effects described. Otherwise, simply choose the current situation.” 

To help respondent to make the choices consequential, we also reminded that 

results of the study would be used to feed the forthcoming public support to organic olive 

growing. Additionally, following Ladenburg and Olsen (2014) and Varela et al. (2014), 

we included an opt-out budget reminder which reminds respondents about the possibility 

to opt-out when the cost associated to any alternative is greater than their WTP. 

“When choosing the preferred alternative, remember that there are no correct or 

incorrect responses and keep in mind your budget constraint and that you may prefer to 

spend your money on other things rather than agriculture that you consider more 

important (education, health etc.). Hence, if you think that the cost associated with the 

proposed alternatives is too high, you rather choose the current situation, which has not 

cost for you.” 

In treatment 3 (T3), we included a CTS aimed at considering the relative scale of 

the project. This treatment serves to investigate the likely spatial dimension of HB. Given 

the hypothetical nature of the project described in the CE, respondents may not focus on 

the dimension of the proposed changes and express a WTP measure having the entire 
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olive grove area in mind instead of only focusing on the area of marginal olive groves. In 

this treatment, a pie chart accompanied a textual reminder to convey information about 

the proportion of marginal olive orchard area affected by the project relative to the total 

olive orchard area (24%) and the total agricultural area (9%). The pie chart is shown in 

Figure 2, and the accompanying CTS that reminded respondents that the tax payments 

associated with each choice card alternative would only provide the environmental and 

social benefits described in the affected area read as follows: 

“All the changes we show on the cards refer only to the mountainous olive grove 

that cannot be mechanized and that occupies 24% of the area of the entire Andalusian 

olive grove, and only 9% of the agricultural land in Andalusia. Please keep in mind that 

the increase in tax associated with each alternative is only intended to finance policies 

for the promotion of organic olive growing in the mountainous olive grove areas of 

Andalusia.” 

In treatment 4 (T4), we combined both types of CTS (i.e., those shown in T2 and 

T3) to test whether there is an effect of joint presentation of CTS.  

 

 

Figure 2: Olive grove area affected by the project in relation to total agricultural 
area. 

Between December 2012 and February 2013, 200 completed surveys were 

achieved for each of the treatments by a specialised market research company through a 

random sampling procedure.  For each treatment, we recorded the time spent by each 

respondent for completing the choice tasks and the percentage of inconsistent choices 

determined using the procedure described below.  

Area of other 
agricultural 

lands 

Area of 
marginal 

olive grove 

Area of other 
olive grove 

systems 
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After completing the choice tasks, i.e. ex-post, respondents’ choices were 

screened by means of an iterative procedure in line with Colombo et al. (2016). In a follow 

up question, we asked respondents to state their maximum WTP for what arguably 

constitutes the best possible outcome according to non-monetary attribute levels. Based 

on expected monotonic preferences for the non-monetary attributes, this outcome is 

characterized by the highest level of each non-monetary attribute. The stated maximum 

WTP was compared to the tax increase of the chosen alternatives to detect whether 

respondents’ choices were inconsistent with maximum WTP stated ex-post. That is, we 

compared if respondents had chosen an alternative in the choice tasks that represents a 

worse environmental and social outcome at a higher cost than the stated maximum WTP 

for the best outcome. In cases where this occurred, we asked respondents to review their 

decisions, allowing them to revise their choices if they wished doing so. This provided 

information for an ex-post analysis of choices, in which revised choices replace initially 

“inconsistent choices”. It is important to point out that we did neither prompt nor force 

respondents to alter their initial choice: respondents could choose to retain their initial 

choice or to revise it. We stored both initial responses to choice tasks (ex-ante) and 

responses to choice tasks following potential revision (ex-post), thus enabling an 

investigation of the effect of ex-post revision on WTP estimates. In the last part of the 

questionnaire, we gathered respondents’ socio-economic data and other information 

about their current consumption of organic food.  

 

3. Econometric framework 

According to random utility theory, the utility respondent ! obtains from alternative " at 

choice occasion # relies on a deterministic term $!"#%!, and a random term &!"# that 

follows a Gumbel distribution: 

 '!"# = $!"#%! + &!"#  (1) 

where $!"# is the vector of * attributes describing alternative " faced by respondent ! at 

time occasion # and %! is the individual-specific vector of * preference parameters. In the 

mixed logit model (MXL; Revelt and Train, 1998, McFadden and Train, 2000, Train, 

2009), elements of %! are modeled as random, following a parametric probability 

distribution selected a priori by the researcher. The MXL appears to be the state-of-

practice in the econometric analysis of discrete choice data. In addition, we apply the 
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semi-par ametric logit-mixed logit model (LML; Train, 2016) as an alternative way 

to model preference heterogeneity. 

The MXL model allows accounting for preference or WTP heterogeneity 

following a particular parametric distribution. The multivariate (parametric) distribution 

of these parameters in the sample is %! ∼ ,(., 0), where . is a vector of sample means 

and 0 is a variance-covariance matrix. A convenient way of accounting for preference 

differences associated with information treatments is%! ∼ ,(. + 2!3, 0), where 2 is a 

binary indicator for treatment effects and 3 is a vector of its estimated attribute-specific 

effects.  

To facilitate interpretation of the results we specify the model in WTP-space 

(Train and Weeks, 2005): 

 '!" = 4!$56!"#$ + $!"#%$%!%$7 + &!",  (2) 

where 6!"$ is the monetary attribute with respect to which all marginal rates of substitution 

(WTP) are expressed, and $!"%$ are all other attributes. In this specification, parameter 

estimates (%!%$) can be readily interpreted as marginal WTP for the non-monetary 

attributes. Here, we can also define %!%$ ∼ ,(.%$ + 2!3%$, 0%$) , which conveniently 

allow us to interpret .%$ as a mean WTPs for a base treatment and .%$ + 2!3%$ as a 

mean WTP for other treatments.  

Estimation of the MXL requires calculation of the * -dimensional integral for a 

likelihood function of individual !:  

 8! = ∫:5;!|$!"# , 4!$, %!%$7 =(4!$, %!%$|>)?(4!$, %!%$)  (3) 

where =(4!$, %!%$|>) is a density function of random parameters, whose distributions 

depend on parameters to be estimated, >, and :5;!|$!"# , 4!$, %!%$7 is conditional 

probability of making choices, ;!, given by 

 :5;!|$!"# , 4!$, %!%$7 = ∏ A∑ C!"#
&'()*!"+,!#$"-.!#$%"/!%"01
∑ &'(+*!"3,!&$"-.!&$%"/!%"40&

" D# .  (4) 

As the  analytical formula for integral in (3) is usually not known it has to be 

approximated. Usually, researchers employ Maximum Simulated Likelihood (MSL) 

method, in which E random draws from distribution described by =(4!$, %!%$|>) has to 

be generated for each individual, and then (3) can be approximated as  
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 8! ≈
5
6∑ :5;!|$!"# , 4!7$, %!7%$77 ,  (5) 

where additional index G, denotes G -th draw. To make estimation more precise we use 

10,000 scrambled Sobol draws (Czajkowski and Budziński, 2015).  

The LML model is a novel semi-parametric approach proposed by Train (2016), 

which allows to estimate the shape of preference heterogeneity distribution without 

imposing restrictive assumptions regarding its parametric specification. Initial research 

suggests that it may be a promising new direction in discrete choice modelling, as it 

allows to recover multimodal and asymmetric distributions (Franceschinis et al. 2017) 

and recover induced means of respondents’ WTP better than the standard MXL model 

(Bazzani et al., 2018).  

The econometric specification of LML is not much different from the one 

described above for the MXL, although instead of assuming some parametric, continuous 

distribution for random parameters, such as =(4!$, %!%$|>), the true (continuous) 

distribution is approximated using a discrete distribution. Specifically, we assume that * 

-th random parameter lies within some interval, [8IJ8 , 'K8], and we choose M points 

dividing this interval into M − 1 smaller intervals of equal lengths. This creates a grid of 

M9 vectors of parameter values. The likelihood function is then given by: 

 8! = ∑ J(4!:$, %!:%$|P, Q):5;!|$!"# , 4!:$, %!:%$7;'
:<5 ,  (6) 

where J(4!:$, %!:%$|P, Q) is the probability of the vector of parameters values,4!:$, %!:%$, 

which depends on parameters to be estimated, P, Q. The formula for the choice probability 

is given by a standard multinomial logit  

 J(4!:$, %!:%$|P, Q) =
&'(3=3*!(",/!(%"4?-@3*!(",/!(%",A!4B4

∑ &'(3=3*!)",/!)%"4?-@3*!)",/!)%",A!4B4)
.  (7) 

R(4!:$, %!:%$) in (7) denotes some flexible transformation of values of the random 

parameters vector. The transformations we consider here are Legendre polynomials, step 

functions and four versions of splines (linear spline, cubic spline, piecewise cubic spline, 

and piecewise cubic Hermite interpolating spline). To incorporate correlations between 

random parameters we included first-order interactions between elements of vectors 

(4!:$, %!:%$).  

S(4!:$, %!:%$, T!) in (7) denotes some transformation of values of the random 

parameters vector and individual-specific treatment, U!. Incorporation of additional 

individual-specific explanatory variables into LML framework did not attract much 
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attention yet. Approaches which were considered to date include incorporating the 

additional interaction between socio-demographic/treatment variable and attribute 

directly into the utility function (Bansal et al., 2017) or estimating a separate model for 

each value of socio-demographic/treatment variable (Caputo et al., 2017). We consider 

both approaches to be suboptimal, as the former requires fixing the interaction parameter 

in the utility function, which reportedly makes estimation 20-40 times longer, and the 

latter may be infeasible if socio-demographic/treatment variables take multiple values. 

Here we incorporate socio-demographic/treatment variables as an interaction with values 

of random parameters, namely S(4!:$, %!:%$, T!) = (T!4!:$, T!%!:%$). Obviously, more 

complex functions can be defined, such as interaction with polynomials of 4!:$, %!:%$ of a 

higher order than one, but this also requires estimation of a greater number of coefficients.  

Similarly to the MXL case, estimation of the model can be performed using the 

Maximum Simulated Likelihood method. We use E random draws from the grid (each 

point is drawn with the same probability) for each individual and use them to approximate 

the likelihood function: 

 8! ≈ ∑ J(4!7$, %!7%$|P, Q):5;!|$!"# , 4!7$, %!7%$76
7<5 .  (8) 

As in the case of MXL, we use scrambled Sobol draws to make estimation more 

efficient. Approximation in (8) can be used to calculate mean WTP, as a sum of E random 

draws from the grid, weighted by the estimated probability that they will occur in the 

population, J(4!7$, %!7%$|P, Q):  

 VJUK ≈ ∑ J(4!7$, %!7%$|P, Q)6
7<5 %!7%$.  (9) 

Working with the LML model requires choosing an appropriate specification – 

there are multiple options available for the specification of R(4!:$, %!:%$) function. Most 

of existing studies used information criteria to guide the specification choice. We also 

employ this approach.3 Finally, the specification of the model requires selecting the 

values of the random distribution bounds. Most studies use the estimates from the MXL 

 
3 Similar to Bazzani et al. (2018), we find that the LML does not provide an improvement over the MXL model 
if the Bayesian Information Criterion (BIC) is used as a basis for comparison. Bansal et al. (forthcoming) note 
that this is most likely in small samples and recommend considering significant changes in histograms of 
parameters distribution and choosing minimal number of parameters so that any additional parameters would 
not change shape of the distribution substantially. We found this approach hard to implement in practice, as it 
was difficult to assess whether observed changes in shape should be considered significant. Additionally, 
following this approach would likely exponentially increase the number of model specifications to consider. As 
a result, in what follows we used the Akaike Information Criterion (AIC) for comparing the fit of different 
specifications. 
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model with bounds defined as two standard deviations above and below the mean. This 

was the approach used first by Train (2016) and, as far as we know, only Caputo et al. 

(2017) experimented with different settings by taking three standard deviations or 

extending parameters bounds based on visual inspection. The results they obtained are 

mixed – for some specifications of R(4!:$, %!:%$) extending parameters bounds increases 

the model fit, but for other specifications it decreases the model fit. We also test for 

sensitivity of model performance depending on the range of bounds, which are defined 

with reference to parameters of an MXL model without correlation. 

4. Results 

The overall sample is representative for Andalusia population with respect to gender (chi 

squared=0.12; p-value=0.73). However, it differs in terms of age, education and income, 

being composed by younger (chi squared=2399,0; p-value=0.00) and higher educated 

citizens (chi squared=1125.5; p-value=0.00). Relative to income, the sample is formed by 

a representative number of low income people but not representative in terms of medium 

and high income respondents, who are over and underrepresented respectively (chi 

squared=52.5; p-value=0.00). These differences are maintained across the four 

treatments, which are all different relative to the general population with respect to the 

dimensions described above. That is, there are no significant differences in the above-

mentioned socio-economic characteristics across treatments. Treatments do not affect the 

response time related to choosing the preferred option in choice tasks. In all treatments, 

respondents became more rapid in completing the choice tasks as they move through the 

sequence of choices, as observed previously in other studies (Bonsall and Lythgoe, 2009; 

Carlsson et al., 2012). The decline in completion times is particularly pronounced 

between the first and the second choice task. Treatment did not affect the percentage of 

“inconsistent” choices, with values close to 22% for ex-ante choices and 12% for ex-post 

choices.  

Table 2 presents respondents’ estimated WTP for the attribute levels elicited for 

each of the four CTS treatments using ex-ante data (the initial choices, before respondents 

were given a chance to revise inconsistencies with the follow up maximum WTP 

question). The models assume that all attributes were dummy-coded and that their 

parameters are normally distributed, with the exception of the (negative) cost parameter, 

which was assumed log-normally distributed. The left panel of Table 2 presents the mean 

WTP estimates based on the MXL model. The right panel of Table 2 presents the 
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equivalent results based on the best fitting LML model. Results presented in Table 2 refer 

to models that combine observations from all treatments (‘All treatments jointly’) or 

allow for treatment specific WTPs. To find the best fitting LML model specification, we 

first applied a grid-search procedure to examine the sensitivity of the estimated log-

likelihood at convergence to the specification of the parameter bounds. We found that 

using bounds specified as 1.5 to 2.5 MXL-based standard deviations below and above the 

mean resulted in relatively similar results, with the optimum identified at 1.8. This lends 

support to using the rule of thumb of approximately 2 standard deviations below and 

above the mean (Train, 2016). However, it must be noted that this approach did not 

differentiate the bounds for each parameter, did not implement asymmetric bounds, or 

generally other reference points for determining bounds (i.e., not based on the results of 

the MXL model without correlations). The results for the effects of selecting different 

bound ranges are provided in Appendix A. Next, we compared the performance of various 

LML model specifications (asymptotic normal, polynomial, step function, and four types 

of spline function of the degree 2 to 10) with and without correlated parameters. The 

comparison of fit of various LML model specifications are available in Appendix B. 

Based on Aikake Information Criterion (AIC), we selected the 8-knot piece-wise cubic 

spline as the best fitting specification of the LML model.4 It is worth to say that for the 

models with correlated parameters, based on Bayesian Information Criterion, which is 

more restrictive in terms of penalizing models for the number of parameters, none of the 

LML models with correlated outperformed the MXL specification in terms of model fit.  

The first thing to note about the results presented in Table 2 is that there are some 

differences between mean WTP estimates implied by the MXL and the LML model. 

These differences are within approximately 10% of the WTP derived from the MXL 

model and are not statistically different according to z-tests with the exception of the 

Status quo, for which WTP resulting from the LML model was 40% lower. As an aside, 

we found that the status quo parameter estimate was relatively the least stable across 

various LML model specifications. For the rest of parameter estimates, LML standard 

errors are significantly lower than MXL indicating a higher accuracy of parameter 

estimates in this model. 

 
4 The models presented here were estimated using a DCE package developed in Matlab and available at 
https://github.com/czaj/DCE. The code and data for estimating the specific models presented in this study, 
as well as full and supplementary results, are available from http://czaj.org/research/supplementary-materials. 
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Looking at the differences in WTP associated with treatments, we find that in 

almost all of the cases, estimates of mean WTP resulting from treatments 2, 3 and 4 are 

not significantly different from WTP estimates inferred from the control treatment (T1). 

In the case of the MXL model, the only significant difference is observed for a 10% 

increase in agricultural employment for T2 and T3. Irrespective of statistical significance 

of differences, there is no consistent trend of lower mean WTP estimates arising from 

single or joint treatment with CTSs. For LML model results, significant differences are 

observed in more cases than for MXL model results. This is primarily due to the lower 

standard errors of parameter estimates of the LML model relative to the MXL model. 

Significant differences represent either an increase (e.g., Soil erosion – high and T3) or a 

decrease (e.g., Biodiversity – high: T2 and T3) in the attribute levels’ WTP estimates.  
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Table 2: Mean WTP for policy attributes estimated using joint and treatment-specific data and the MXL and LML models using ex ante data 
[EUR / year] 

 MXL LML 

 

All 
treatments 

jointly 

Control:  
Standard 

remainders 

Treatment 2: 
HB cheap 

talk 

Treatment 3: 
Scale of the 

project 
reminder 

Treatment 4: 
HB cheap 
talk and  

scale of the 
project 

reminder 

All 
treatments 

jointly 

Control:  
Standard 

remainders 

Treatment 2: 
HB cheap 

talk 

Treatment 3: 
Scale of the 

project 
reminder 

Treatment 4: 
HB cheap 
talk and  

scale of the 
project 

reminder 
Status quo (alternative specific 
constant) 

31.90*** 
(3.55) 

27.60 
(4.90) 

27.63 
(4.96) 

37.73 
(5.67) 

37.12 
(6.54) 

18.74*** 
(1.32) 

18.30 
(2.36) 

16.53 
(2.35) 

23.13* 
(2.28) 

20.72 
(2.07) 

Tackling climate change – 
medium (vs. low) 

15.22*** 
(1.60) 

16.34 
(2.36) 

11.35 
(2.22) 

16.03 
(2.88) 

17.71 
(2.62) 

13.64*** 
(0.12) 

13.55 
(0.21) 

13.78 
(0.22) 

13.30 
(0.20) 

14.14** 
(0.21) 

Tackling climate change – high 
(vs. low) 

19.88*** 
(1.70) 

18.82 
(2.50) 

16.91 
(2.26) 

21.45 
(2.77) 

21.71 
(2.64) 

17.59*** 
(0.37) 

17.87 
(0.65) 

16.84 
(0.56) 

17.91 
(0.57) 

17.41 
(0.63) 

Biodiversity –  
medium (vs. low) 

15.16*** 
(1.57) 

17.77 
(2.56) 

14.82 
(2.33) 

15.46 
(2.97) 

12.14 
(2.78) 

13.15*** 
(0.28) 

13.16 
(0.47) 

14.19 
(0.53) 

13.64 
(0.48) 

13.11 
(0.62) 

Biodiversity –  
high (vs. low) 

21.10*** 
(1.71) 

23.14 
(2.57) 

19.27 
(2.37) 

21.10 
(2.79) 

20.76 
(2.69) 

18.98*** 
(0.41) 

19.92 
(0.64) 

18.22* 
(0.78) 

18.03** 
(0.69) 

19.68 
(0.80) 

Risk of pollution of water 
resources – moderate (vs. high) 

18.67*** 
(1.62) 

17.08 
(2.58) 

17.40 
(2.33) 

23.25 
(3.01) 

18.40 
(2.75) 

16.04*** 
(0.08) 

16.09 
(0.15) 

16.05 
(0.15) 

16.20 
(0.17) 

15.99 
(0.16) 

Risk of pollution of water 
resources – low (vs. high) 

28.10*** 
(2.09) 

28.19 
(2.94) 

24.56 
(2.91) 

32.51 
(3.55) 

27.86 
(3.26) 

26.29*** 
(0.22) 

26.54 
(0.39) 

26.25 
(0.38) 

26.32 
(0.39) 

25.92 
(0.40) 

Soil erosion –  
moderate (vs. high) 

12.05*** 
(1.57) 

10.32 
(2.49) 

11.35 
(2.44) 

13.20 
(2.79) 

13.50 
(2.67) 

10.89*** 
(0.02) 

10.85 
(0.04) 

10.89 
(0.03) 

10.89 
(0.04) 

10.93* 
(0.03) 

Soil erosion –  
low (vs. high) 

17.84*** 
(1.57) 

16.79 
(2.52) 

17.79 
(2.21) 

19.71 
(2.74) 

17.53 
(2.64) 

15.28*** 
(0.22) 

15.12 
(0.41) 

15.45 
(0.47) 

16.34** 
(0.46) 

14.61 
(0.36) 

Agricultural employment – 5% 
increase (vs. no change) 

15.50*** 
(1.63) 

17.27 
(2.76) 

13.56 
(2.29) 

14.68 
(2.96) 

17.61 
(2.72) 

15.80*** 
(0.03) 

15.83 
(0.05) 

15.75 
(0.05) 

15.80 
(0.05) 

15.81 
(0.05) 

Agricultural employment – 10% 
increase (vs. no change) 

27.24*** 
(1.98) 

32.56 
(3.46) 

21.67** 
(2.84) 

24.26* 
(3.41) 

30.81 
(3.26) 

24.42*** 
(0.75) 

24.82 
(1.17) 

24.05 
(1.24) 

22.51 
(1.19) 

25.64 
(1.11) 

Notes: *, **, *** indicate statistical significance (Wald test) of the difference of WTP between control treatment (standard remainders) and the other treatments (additional measures aimed at reducing hypothetical 
bias) at the 0.1, 0.05 and 0.01 level, respectively. For the ‘all treatments jointly’, the asterisks indicate statistical significance with respect to 0. 



                                 Colombo, S. et.al. /WORKING PAPERS 20/2020 (325)                                       16 

 

The analysis of WTP after respondents could review their “inconsistent” choices 

(ex-post) provides similar results. The results, presented in Table 3, show that in most 

cases the additional cheap talk and scale reminders used in T2–T4 did not result in 

statistically different WTP estimates for the MXL model, relative to T1 that only used 

standard budget constraint reminders. Again, a greater number of significant differences 

is found for LML model results, but there is no uniform trend of lower WTP estimates 

for T2–T4 relative to T1 across all attributes. Furthermore, the share of inconsistent 

choices is not statistically different between any of the four treatments, revealing that the 

use of CTS does not affect respondents’ degree of choice inconsistency. Overall, we 

conclude that the inclusion of cheap talk scripts and scale reminders had a limited effect 

on WTP estimates, neither for respondents’ initial choices nor for their revised choices.   
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Table 3: Mean WTP for policy attributes estimated using joint and treatment-specific data and the MXL and LML models using ex post data 
[EUR / year] 

 MXL LML 

 

All 
treatments 

jointly 

Treatment 1 
Standard 

remainders – 
control 

Treatment 2  
HB cheap 

talk 

Treatment 3 
Scale of the 

project 
reminder 

Treatment 4 
HB cheap 
talk and  

scale of the 
project 

reminder 

All 
treatments 

jointly 

Treatment 1 
Standard 

remainders – 
control 

Treatment 2  
HB cheap 

talk 

Treatment 3 
Scale of the 

project 
reminder 

Treatment 4 
HB cheap 
talk and  

scale of the 
project 

reminder 
Status quo (alternative specific 
constant) 

15.11*** 
(2.09) 

16.93 
(3.40) 

11.88 
(3.26) 

14.11 
(3.70) 

17.06 
(3.30) 

18.45*** 
(1.89) 

15.23 
(2.44) 

10.29* 
(1.92) 

16.07 
(1.97) 

17.37 
(2.27) 

Tackling climate change – 
medium (vs. low) 

8.80*** 
(0.99) 

10.88 
(1.80) 

8.12 
(1.69) 

6.88 
(2.01) 

10.75 
(1.76) 

8.04*** 
(0.31) 

8.74 
(0.36) 

8.61 
(0.41) 

7.86* 
(0.34) 

9.16 
(0.27) 

Tackling climate change – high 
(vs. low) 

11.64*** 
(1.11) 

12.82 
(1.89) 

11.06 
(1.73) 

11.96 
(1.97) 

11.83 
(1.73) 

10.08*** 
(0.62) 

12.82 
(0.79) 

10.25*** 
(0.65) 

10.92** 
(0.68) 

10.65** 
(0.62) 

Biodiversity –  
medium (vs. low) 

9.33*** 
(1.06) 

11.44 
(1.83) 

9.27 
(1.66) 

8.89 
(1.96) 

7.72 
(1.76) 

12.33*** 
(0.28) 

12.26 
(0.43) 

9.79*** 
(0.45) 

11.89 
(0.30) 

11.00** 
(0.37) 

Biodiversity –  
high (vs. low) 

11.97*** 
(1.13) 

13.01 
(1.82) 

11.37 
(1.67) 

11.01 
(2.01) 

11.98 
(1.78) 

13.89*** 
(0.74) 

11.98 
(0.71) 

11.10 
(0.94) 

13.88* 
(0.74) 

14.33** 
(0.74) 

Risk of pollution of water 
resources – moderate (vs. high) 

11.78*** 
(1.24) 

13.60 
(1.87) 

11.22 
(1.82) 

12.40 
(2.10) 

10.17 
(1.89) 

10.56*** 
(0.06) 

10.73 
(0.07) 

10.63 
(0.06) 

10.64 
(0.08) 

10.82 
(0.05) 

Risk of pollution of water 
resources – low (vs. high) 

17.80*** 
(1.36) 

20.60 
(2.15) 

17.74 
(2.13) 

19.51 
(2.46) 

13.96** 
(2.09) 

18.51*** 
(0.51) 

18.94 
(0.70) 

19.11 
(0.58) 

19.16 
(0.53) 

18.67 
(0.51) 

Soil erosion –  
moderate (vs. high) 

6.51*** 
(1.16) 

7.46 
(1.83) 

5.53 
(1.79) 

4.89 
(1.99) 

6.76 
(1.84) 

5.64*** 
(0.26) 

5.37 
(0.19) 

5.29 
(0.20) 

6.02*** 
(0.17) 

6.07*** 
(0.16) 

Soil erosion –  
low (vs. high) 

9.81*** 
(1.10) 

10.63 
(1.79) 

10.39 
(1.63) 

7.74 
(1.98) 

9.55 
(1.78) 

8.88*** 
(0.47) 

7.78 
(0.57) 

8.84 
(0.50) 

8.88 
(0.43) 

10.11*** 
(0.38) 

Agricultural employment – 5% 
increase (vs. no change) 

9.98*** 
(1.15) 

12.29 
(1.84) 

9.22 
(1.74) 

6.88** 
(2.04) 

10.41 
(1.81) 

9.13*** 
(0.00) 

9.13 
(0.01) 

9.13 
(0.00) 

9.14 
(0.00) 

9.12** 
(0.00) 

Agricultural employment – 10% 
increase (vs. no change) 

14.76*** 
(1.48) 

18.14 
(2.35) 

13.52 
(2.29) 

9.32*** 
(2.42) 

17.35 
(2.39) 

11.69*** 
(1.08) 

14.26 
(1.27) 

10.53** 
(1.28) 

10.71** 
(1.17) 

12.05 
(1.17) 

Notes: *, **, *** indicate statistical significance (Wald test) of the difference of WTP between control treatment (standard remainders) and the other treatments (additional measures aimed at reducing hypothetical 
bias) at the 0.1, 0.05 and 0.01 level, respectively. For the ‘all treatments jointly’, the asterisks indicate statistical significance with respect to 0. 
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However, we do find that allowing respondents to revise their choices leads to 

significant reductions of WTP. This result is illustrated in Figure 3, which presents 

estimates of mean WTP resulting from MXL and LML models for ex-ante (unrevised) 

and ex-post (revised) data along with the 95% confidence interval. According to z-tests, 

mean WTP estimates for all attributes are statistically different at the 5 % significance 

level for MXL and LML models apart from the ASC and the medium level of the 

biodiversity attribute in the LML model. Allowing respondents to reconsider their choices 

leads, on average across all attributes, to a WTP decrease of 43% (MXL model) or 33% 

(LML model). This effect is considerable given that respondents were neither prompted 

nor forced to change their initial choices in the revision process. The percentage of 

“inconsistent” choices dropped from 21.8% before the revision to 12.5% after the 

revision, indicating that a significant part of the sample opted to retain their initial choices. 

Colombo et al. (2016) proposed different explanations for the confirmation of 

“inconsistent” choices. In line with the soft cutoffs approach (Swait, 2001; Bush et al. 

2009), it is possible that individuals deliberately violate their price cutoffs (maximum 

WTP), because the disutility of the violation is lower than the disutility of choosing the 

second-best option. Another reason is that respondents’ preferences are vague and 

affected by a degree of uncertainty or fuzziness. In this case, the maximum WTP should 

not be considered as a fixed amount, but as a distribution with a variance that is 

proportional to the degree of fuzziness or uncertainty. Carson et al. (2012) observed that 

in this case individual choice in a public good context can be expected to diverge 

significantly from what standard utility theory predicts if preferences are well defined. 

Finally, the two elicitation methods employed may have disclosed different values. Roe 

et al. (1996) and Salensminde (2003) observed that DCE, compared to open ended CV, 

tends to capture respondents’ relative valuation rather than their absolute valuation, which 

is more in line with their budget constraints. As such, it should be expected that the values 

obtained from open ended CV would be lower than those derived through DCE.  

Whatever the reason may be, our results clearly indicate that the ex-post treatment 

of the choices, which in this case means asking individuals to review their choices if 

implied WTP exceeds their (stated) WTP for a ‘full’ improvement program, has a 

considerable effect on WTP estimates, potentially reducing HB.  
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Figure 3. Comparison of WTP means between the estimated models 

 

5. Discussion and conclusions 

The hypothetical nature of CE lies at the heart of the controversies about to the reliability 

and validity of willingness to pay (WTP) estimates for non-marketed goods. Because 

observing the “true” value of environmental goods and services is impossible, it is 

important to consider the inclusion of measures aimed at testing and reducing 

hypothetical bias (HB).  Results of this paper confirm this. In our data, HB potentially 

exists with significant implications for WTP estimates. Therefore, it is important to 

include devices in the survey to reduce HB.  
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The use of cheap talk scripts (CTS) as an ex-ante tool to reduce HB has a limited 

effect on the WTP estimates for the environmental goods valued in this study. This is 

observed despite the CTS was shown for 30 seconds on the respondents’ screen without 

the option to proceed and despite CTS were augmented with a single opt-out reminder.  

There may be several reasons explaining this result. First, there may have been a 

lack of perceived consequentiality in the online surveys. This observation is in line with 

Penn and Hu (2019), who find that CTS tends to be relatively ineffective for internet-

based surveys compared to mail surveys. Despite efforts to inform respondents that the 

results of the study will be used for tailoring future agri-environmental policies and that 

the opinion of the respondent matters for the development of these policies, we cannot be 

certain that individuals have indeed understood believed this information. Unfortunately, 

we have not collected ex-post opinions about perceived consequentiality to obtain 

indication if this was the case or not. We acknowledge that it may not be sufficient to 

remind respondents about consequentiality, and that it is necessary to expend greater 

effort to test whether and how consequentiality with respect to payment and policy has 

been perceived (Barbier et al., 2017, Zawojska et al., 2018). Second, the definition of the 

cost vector may have included tax amounts that were too low to choke off demand. The 

values were based on in person qualitative pretests (focus groups), which may differ from 

on-line settings. Defining the levels of the price vector is still a pending issue in discrete 

choice experiments (DCE), especially considering the importance it has on WTP 

estimates (Glenk et al., 2019). Finally, the CTS effect may have been diluted along the 

survey as suggested by Ladenburg and Olsen (2014).  

The CTS related to the scale of the project (T3) also proved to be relatively 

ineffective. This is remarkable given that respondents evaluated the attribute level 

intensity as expected, thus passing an internal scope test (i.e., WTP is found to be higher 

for greater benefits in all attributes). However, as pointed out by Rolfe and Wang (2011), 

scale and scope are often intertwined issues that are not always appropriately separated 

by respondents. The ineffectiveness of a scale-related CTS while internal scope is 

demonstrated may also be attributed to respondents expressing relative values that result 

in internally consistent choices, but that may appear inconsistent if compared across 

treatments. This is in line with the idea of coherent arbitrariness (Ariely et al., 2003). 

Proximity and loyalty effects can be also present for a locally iconic crop such as olives 

(Granado et. al., 2020). Respondents may have higher values for goods provided at greater 

proximity (local goods) than good provided further away, especially for environmental 
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goods that may inspire a sense of identification and intimacy to people (Faccioli et al., 

2020).  Thus, independently of the scale of the good, a good that elicits an emotional 

response may be highly valued (LaRiviere et al., 2014). Alternatively, respondents may 

be simply be insensitive to the scale as previously observed by other authors (Rolfe and 

Windle, 2003).  

Finally, the joint presentation of reminders (T4) proved ineffective. Therefore, 

using multiple CTS may just add complexity to the survey, without providing additional 

benefits. This outcome is in line with Varela et al. (2014), who find that the use of multiple 

ex-ante mitigation strategies does not impact WTP estimates. At the same time, it 

contrasts with results from other studies, who find that the use multiple ex-ante mitigation 

strategies can reduce HB (Jacquemet et al., 2013, Lademburg and Olsen, 2014). All of 

these studies test different ex-ante measures. Varela et al. (2014) employed CTS plus a 

single opt-out reminder; Ladenburg and Olsen (2014) compared the effect of CTS with 

multiple opt-out reminders; Jacquemet et al. (2013) joined CTS and solemn oath. In our 

paper, we employ two different CTS and a single opt-out reminder. In summary, the effect 

of CTS seems to depend on the way it is designed in each specific condition.  

The lack of CTS to reduce HB also contrast with previous results of Penn and Hu 

(2019), who found that CTS work better if actual HB is large.  Previous studies may 

therefore fail to identify a reduction in HB through CTS, because actual HB is small in 

magnitude rather than because CTS are ineffective. In our case, the ex-post WTP 

estimates are significantly lower than the initial estimates, suggesting that HB exists and 

was considerable in magnitude. Therefore, in our case CTS likely failed to reduce HB for 

reasons other than the actual extent of HB present in the data.  

Approaches that revise respondents’ choice after the choice task (ex-post) appear 

better positioned to reduce HB. Estimates of WTP decrease on average by 43% in the 

case of MXL model and 33% in the LML model. This effect is statistically significant 

and reveals the quantitative importance of HB in the estimated WTP values, pointing to 

the potential for substantial error in the design of public policies of non-marketed good if 

mitigation measures to reduce HB are not adopted. Thus far, ex-post approaches to 

mitigate HB are far less widespread than ex-ante approaches. Results of this study clearly 

reveal that research on ex-post mitigation instruments, at least in public good contexts, 

deserve greater attention. 

The results also beg the question why ex-post mitigation measures outperformed 

ex-ante mitigation measures, a result which has also been observed in previous research 
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(Penn and Hu, 2018). In our opinion, there are several reasons to consider. First, ex-ante 

approaches do not reveal any information about respondents’ attention to and 

understanding of the information provided, unless specifically inquired. Thus, the use of 

CTS should be accompanied by questions that allow the analyst to appreciate 

respondents’ understanding of the CTS. This assessment would, however, increase the 

length of the questionnaire, and represents a challenge for future research about how to 

reliably gather this information. Second, answering a choice experiment is an unfamiliar 

task for most respondents involving the realization of many trade-offs, often regarding an 

unfamiliar good, which may easily induce errors. Here, it is important to consider that 

respondents often face a DCE for the first time, and thus it is more difficult for them to 

fully comprehend information about something they have not experienced yet. Because 

of that, information provided through ex-ante instruments may be misleading and 

ineffective. In this context, ex-post mitigation gives respondents a “second chance” to 

rate or rethink how they performed in the task, thus allowing them to scrutinize their 

initial choices. This is an advantage given that it places respondents in a better situation 

to notice possible issues that may have arisen while completing the choice tasks. Also, in 

the specific ex-post mechanism employed in this article, respondents may be driven by 

several intrinsic or extrinsic motivations guiding their revisions such as moral 

commitments, morality or fairness (Hollander-Blumoff, 2011). Finally, ex-post analysis 

is an instrument for the analyst to determine the quality of respondents’ choices. By 

obtaining information about respondents’ “understanding and confidence” regarding their 

choices, the analyst can apply different analytical and methodological tools to either 

correct, weight or even exclude unreliable responses.   

Our study is one of the first applications of the LML model. We find that our 

conclusions are robust to allowing for more flexible model specifications than the 

standard MXL model. Despite differences between WTP estimates derived from the two 

models are overall not statistically significant, we note that LML-based estimates are 

associated with lower standard errors than their MXL counterparts. At the same time, our 

experiences with the new model call for caution. Despite relatively quick estimation, the 

model had to be estimated multiple times to investigate its stability and assure correct 

specification and convergence. These limitations and the critical influence of arbitrary 

decisions in the estimation process deserves future research before the LML model can 

become state-of-practice for discrete choice models. Furthermore, under the BIC decision 

criterion the statistical performance of the LML models is inferior to the MXL, revealing 
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that the latter should be preferred when a larger penalization for intricate parametrization 

is assumed. 

We acknowledge several limitations in our study that should be investigated in 

future research. First, as discussed above in the context of ineffectiveness of CTSs in our 

study, the absence of follow-up questions on consequentiality and the use of CTS limits 

our understanding of how these were perceived by respondents. Such questions should be 

considered in future surveys. 

Second, in our experiment we did not include a “real” treatment that may be used 

as a benchmark for disclosing the respondents’ true preferences. In this sense, we cannot 

be sure about the value of the true unbiased WTP values. We therefore had to resort to 

assuming that lower WTP estimates are closer to the unbiased value. Although some 

authors have used “non-hypothetical” treatments, we argue that it is never possible to 

mimic the real consumers’ behavior. For instance, Loomis et al. (2009) and Chowdhury 

et al. (2011) provided respondents with an initial monetary endowment that they had to 

spend according to the choices made. Alemu and Olsen (2018) gave a lump sum to 

respondents prior to the CE and informed them that they were welcome to keep the money 

for their own use later on. In this context, evidence suggest that respondents’ behavior 

may differ on whether wealth is “windfall” or “earned” (Cherry et al., 2002). To our 

knowledge, only Moser et al. (2013) and Liebe et al. (2019) carried out a field experiment 

where respondents used their own money, with Liebe et al. (2019) implementing the 

experiment in an online format. However, this was possible because both studies analyzed 

preferences for existing consumer (market) goods of relatively low value. Obviously, it 

would not be possible in the case of non-market goods. Furthermore, in the case of public 

goods, where an increase in taxes is used as payment, providing a monetary incentive to 

respondents would equate to some form of a “tax-rebate”, which is implausible and may 

create distrust in respondents.  

Third, we did not investigate the reasons why respondents decided to retain their 

initial choices in the revision process.  Colombo et al. (2016) showed that by removing 

these “inconsistent” choices from the sample, WTP estimates were further reduced by 

18%. Future research should therefore investigate the reasons underlying this behavior 

and determine which observations, if any, should be retained in the analysis.  

To conclude, we affirm that hypothetical bias may significantly affect WTP 

estimates, especially if they relate to unfamiliar goods. Ex-ante and ex-post mitigation 

strategies have been of varying effectiveness in the stated preference literature. 
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Irrespective of the approach used to reduce hypothetical bias, our findings demonstrate a 

need to extend the research effort beyond employing ex-ante scripts in experimental tests 

of their effectiveness and gathering  ex-post information to investigate their potential to 

assist with WTP adjustments. Specifically, there is a need to develop a common 

understanding of ex-ante and ex-post instruments across respondents, thus allowing for 

more rigorous tests of their effectiveness based on theoretical expectations. 
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Appendix A. The effect of bounds range on the average fit of LML models  

  

 
 

Notes: Vertical axes show the mean log-likelihood over 56 LML model specifications without (left panel) or with (right panel) correlated parameters. The specifications included 
used approximate normal distributions, Legendre polynomials, step functions, linear splines, cubic splines, piece-wise cubic splines, and piece-wise cubic Hermite interpolating 
splines with 2 to 10 levels (orders of polynomials, step function segments or knots of splines used to represented distribution of WTP). Horizontal axes show the range of the 
bounds expressed as the number of standard deviations above / below the mean of each distributions. Means and standard deviations used to generate bounds were based on a 
MXL model with normally distributed coefficients without correlations. The lower bound for the monetary attribute was always anchored at 0.  

-4350

-4300

-4250

-4200

-4150

-4100

-4050

-4000
0,5 1 1,5 2 2,5 3 3,5 4

-4150

-4100

-4050

-4000

-3950

-3900

-3850
0,5 1 1,5 2 2,5 3 3,5 4



                                 Colombo, S. et.al. /WORKING PAPERS 20/2020 (325)                                       32 

 

 

Appendix B. The comparison of fit of various LML model specifications 

Distribution Level 
Uncorrelated parameters Correlated parameters 

Log-
likelihood 

Number of 
parameters AIC/n BIC/n Log-

likelihood 
Number of 
parameters AIC/n BIC/n 

MXL - -4104.41 24 1.7180 1.7504 -3939.19 90 1.6767 1.7980 
AN 2 -4088.28 24 1.7113 1.7437 -3941.12 90 1.6775 1.7988 
Poly 2 -4088.28 24 1.7113 1.7437 -3936.00 90 1.6754 1.7967 
Step 2 -4119.87 12 1.7195 1.7356 -3990.34 78 1.6930 1.7982 
Spline L 2 -4071.76 36 1.7094 1.7580 -3922.85 102 1.6749 1.8124 
Spline C 2 -4074.31 36 1.7105 1.7590 -3933.82 102 1.6795 1.8170 
Spline PW-C 2 -4071.51 36 1.7093 1.7578 -3921.79 102 1.6745 1.8120 
Spline PW-CHI 2 -4075.08 36 1.7108 1.7593 -3924.51 102 1.6756 1.8131 
AN 3 -4079.13 36 1.7125 1.7610 -3927.83 102 1.6770 1.8145 
Poly 3 -4079.13 36 1.7125 1.7610 -3929.99 102 1.6779 1.8154 
Step 3 -4094.83 24 1.7140 1.7464 -3968.09 90 1.6888 1.8101 
Spline L 3 -4046.56 48 1.7039 1.7686 -3907.53 114 1.6735 1.8272 
Spline C 3 -4055.14 48 1.7075 1.7722 -3909.11 114 1.6742 1.8279 
Spline PW-C 3 -4056.35 48 1.7080 1.7727 -3914.93 114 1.6766 1.8303 
Spline PW-CHI 3 -4048.60 48 1.7048 1.7695 -3920.12 114 1.6788 1.8324 
AN 4 -4051.42 48 1.7060 1.7707 -3915.10 114 1.6767 1.8303 
Poly 4 -4053.09 48 1.7067 1.7713 -3907.25 114 1.6734 1.8271 
Step 4 -4082.16 36 1.7138 1.7623 -3946.50 102 1.6848 1.8222 
Spline L 4 -4027.03 60 1.7008 1.7817 -3884.30 126 1.6689 1.8387 
Spline C 4 -4032.40 60 1.7030 1.7839 -3911.63 126 1.6802 1.8501 
Spline PW-C 4 -4030.30 60 1.7022 1.7830 -3890.07 126 1.6713 1.8411 
Spline PW-CHI 4 -4024.27 60 1.6997 1.7805 -3906.53 126 1.6781 1.8479 
AN 5 -4025.63 60 1.7002 1.7811 -3899.88 126 1.6754 1.8452 
Poly 5 -4027.79 60 1.7011 1.7820 -3894.36 126 1.6731 1.8429 
Step 5 -4067.20 48 1.7125 1.7772 -3939.02 114 1.6867 1.8403 
Spline L 5 -4016.33 72 1.7013 1.7984 -3867.37 138 1.6668 1.8528 
Spline C 5 -4017.11 72 1.7017 1.7987 -3872.85 138 1.6691 1.8551 
Spline PW-C 5 -4009.68 72 1.6986 1.7956 -3891.88 138 1.6770 1.8630 
Spline PW-CHI 5 -4022.04 72 1.7037 1.8008 -3878.75 138 1.6716 1.8576 
AN 6 -4006.06 72 1.6971 1.7941 -3891.46 138 1.6768 1.8628 
Poly 6 -4017.22 72 1.7017 1.7988 -3882.75 138 1.6732 1.8592 
Step 6 -4044.45 60 1.7081 1.7889 -3919.19 126 1.6834 1.8532 
Spline L 6 -3991.19 84 1.6959 1.8091 -3850.43 150 1.6648 1.8669 
Spline C 6 -3989.13 84 1.6950 1.8082 -3861.35 150 1.6693 1.8715 
Spline PW-C 6 -3984.01 84 1.6929 1.8061 -3868.21 150 1.6722 1.8743 
Spline PW-CHI 6 -3995.64 84 1.6977 1.8109 -3830.30 150 1.6564 1.8586 
AN 7 -4002.15 84 1.7004 1.8137 -3873.35 150 1.6743 1.8765 
Poly 7 -4005.57 84 1.7019 1.8151 -3870.76 150 1.6732 1.8754 
Step 7 -4034.24 72 1.7088 1.8058 -3878.13 138 1.6713 1.8573 
Spline L 7 -3980.06 96 1.6962 1.8256 -3841.10 162 1.6659 1.8842 
Spline C 7 -3982.44 96 1.6972 1.8266 -3830.53 162 1.6615 1.8798 
Spline PW-C 7 -3972.30 96 1.6930 1.8224 -3842.33 162 1.6664 1.8847 
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Spline PW-CHI 7 -3978.74 96 1.6957 1.8251 -3826.20 162 1.6597 1.8780 
AN 8 -3998.54 96 1.7039 1.8333 -3870.26 162 1.6780 1.8964 
Poly 8 -4002.54 96 1.7056 1.8350 -3869.87 162 1.6778 1.8962 
Step 8 -4010.27 84 1.7038 1.8170 -3864.46 150 1.6706 1.8728 
Spline L 8 -3967.51 108 1.6960 1.8416 -3807.52 174 1.6569 1.8914 
Spline C 8 -3933.43 108 1.6818 1.8274 -3815.53 174 1.6602 1.8947 
Spline PW-C 8 -3958.03 108 1.6921 1.8376 -3784.35 174 1.6473 1.8818 
Spline PW-CHI 8 -3957.92 108 1.6920 1.8376 -3813.01 174 1.6592 1.8937 
AN 9 -3997.33 108 1.7084 1.8540 -3863.41 174 1.6802 1.9147 
Poly 9 -3970.70 108 1.6973 1.8429 -3867.03 174 1.6817 1.9162 
Step 9 -3982.44 96 1.6972 1.8266 -3846.80 162 1.6682 1.8866 
Spline L 9 -3941.77 120 1.6903 1.8520 -3793.73 186 1.6562 1.9068 
Spline C 9 -3930.21 120 1.6855 1.8472 -3796.57 186 1.6573 1.9080 
Spline PW-C 9 -3932.64 120 1.6865 1.8482 -3799.17 186 1.6584 1.9091 
Spline PW-CHI 9 -3943.40 120 1.6910 1.8527 -3793.00 186 1.6558 1.9065 
AN 10 -3994.34 120 1.7122 1.8739 -3856.33 186 1.6822 1.9329 
Poly 10 -3961.57 120 1.6985 1.8603 -3828.53 186 1.6706 1.9213 
Step 10 -3976.28 108 1.6997 1.8452 -3838.08 174 1.6696 1.9041 
Spline L 10 -3913.32 132 1.6834 1.8614 -3782.27 198 1.6564 1.9232 
Spline C 10 -3906.73 132 1.6807 1.8586 -3793.36 198 1.6610 1.9279 
Spline PW-C 10 -3917.85 132 1.6853 1.8632 -3783.55 198 1.6569 1.9238 
Spline PW-CHI 10 -3906.19 132 1.6805 1.8584 -3774.21 198 1.6530 1.9199 

Notes: MXL refers to the MXL model (included for comparison only). Distribution types considered were: AN – approximate normal, 
Poly – Legendre polynomial, Step – step function, Spline L – linear spline, Spline C – cubic spline, Spline PW-C – piece-wise cubic 
spline, Spline - PW-CHI – piece-wise cubic Hermite interpolating spline. AN and Poly assumed normal distributions for all non-monetary 
attributes and log-normal distribution for the cost. All non-linear splines were derived using linear extrapolation for bound extension, 
which results in smoother functions in the boundary segments. Level refers to the order of a polynomial (AN, Poly), the number of step-
function segments (excluding the reference segment) or the number of knots of splines (excluding the boundary kno 
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