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Abstract

Bias related to the hypothetical setting remains contro-

versial regarding the reliability and validity of value es-

timates from discrete choice experiments (DCEs). This 

has motivated a large body of literature to investigate ap-

proaches for mitigating hypothetical and strategic bias. 

Our study provides further evidence to inform this debate 

by testing whether a combination of ex- ante or ex- post 

mitigation strategies might be effective in reducing bias 

in DCEs. Specifically, we employ individual and multiple 

ex- ante reminders alongside an ex- post data treatment 

and analyse how their individual or joint use affects will-

ingness to pay (WTP) estimates. The econometric analy-

sis makes use of innovative semi- parametric logit- mixed 

logit in addition to the state- of- the- art mixed logit model. 

The empirical case study focuses on preferences for the 

environmental and social impacts of organic olive pro-

duction. By comparing the three experimental treatments 

with a control treatment, we test whether ex- ante cheap 

talk, a reminder of the project's relative spatial extent, or 

a combination of both affect stated WTP. In addition, we 

use an ex- post data treatment to correct WTP estimates. 

WTP estimates of treatments related to ex- ante mitigation 
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1 |  INTRODUCTION

Over the past decade, stated preferences (SP) have become the main valuation approach used 
to identify the value of environmental goods (Hanley & Czajkowski, 2019). However, SP studies 
have been widely criticised for failing validity and reliability tests (Bishop & Boyle, 2019). As an 
increasingly popular SP method, the potential for discrete choice experiments (DCEs) to provide 
credible information for decision- making must still be scrutinised and procedures should be 
explored to 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, which has been frequently ob-
served to distort responses in DCEs compared with behaviour in real markets (Haghani et al., 
2021; Loomis, 2014; Lusk & Schroeder, 2004; Vossler et al., 2012). HB in DCEs may arise for 
various reasons, such as respondents not caring about the outcome of the survey (e.g., if they 
think the survey will not matter for any policy decision, regarding it as inconsequential), or, 
conversely, believing that by misrepresenting their true preferences they can influence the out-
come of the survey to their advantage (strategic bias, SB). This has given rise to the research 
considering incentive compatibility (Carson and Groves, 2007) and consequentiality (Vossler 
et al., 2012) of SP methods.

Incentive compatible surveys are surveys where respondents’ dominant strategy is to re-
veal their preferences truthfully (Carson and Groves, 2007). Achieving incentive compatibility 
in DCEs is difficult in practice because it requires choice set independence and one- to- one 
matching between the project identified in a choice set and the policies that might be imple-
mented (Vossler et al., 2012). Theoretically, this may be achieved in a single binary choice ques-
tion format (Gibbard, 1973; Satterthwaite, 1975) but not in the multinomial choice sequence 
typically employed in DCE. However, as Zawojska and Czajkowski (2017) pointed out, a rel-
atively small body of empirical literature addresses the problem of bias resulting from using 
more than two alternatives or more than one choice task per respondent. If the resulting bias is 
relatively small, the statistical efficiency of more elaborate elicitation formats could outweigh 
the bias resulting from being incentive incompatible.

The elicitation of true preferences also requires that the survey is perceived by respon-
dents as consequential (Carson and Groves, 2007). As demonstrated by Zawojska et al. 

strategies did not differ significantly from those obtained 

from a control treatment with standard budget constraint 

reminders. However, the ex- post approach results in a sig-

nificant reduction in mean WTP estimates and is used to 

investigate whether the observed choice inconsistencies 

are due to unintentional errors or strategic behaviour. We 

argue that ex- post mechanisms deserve greater attention 

and highlight the need to distinguish strategic behaviour 

from other sources of hypothetical bias.
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choice experiment, hypothetical bias, mitigation strategies, organic 
olive grove cultivation, Southern Spain, strategic bias
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(2019), survey consequentiality is met when respondents view their responses as influ-
encing the policy decision and when they care about the outcomes (policy consequenti-
ality). Additionally, respondents must perceive the payment associated with the policy as 
consequential— they must believe that in case a policy is implemented, they will have to 
pay the amount specified (payment consequentiality). Vossler et al. (2012) and Groothuis 
et al. (2017) found that consequentiality is established when there is a positive probability 
of the survey being consequential, and Needham and Hanley (2020) observed a monotonic 
relationship between the degree of perceived consequentiality and WTP. Perceived conse-
quentiality differs also according to prior knowledge of the good (Needham and Hanley, 
2020), elicitation format (Lloyd- Smith et al., 2019) and can be affected by endogeneity is-
sues (Groothuis et al., 2017). Also, perceived consequentiality is often not easy to measure 
(Czajkowski et al., 2017; Needham and Hanely, 2020).

HB and SB are both clearly linked to incentive compatibility and survey consequentiality; 
however, their relationships requires further discussion.1 Although fully consequential surveys 
preclude HB, and fully hypothetical surveys preclude SB, we argue that most of the SP valua-
tion studies conducted in the field are not perceived by respondents as fully hypothetical or 
fully consequential, but rather as something in between. It is sufficient that respondents expect 
that either the payment or provision of a good is not fully consequential to introduce the pos-
sibility of HB (Zawojska et al., 2019). However, if the survey design is perceived as consequen-
tial, it has the possibility of SB— respondents may want to misrepresent their preferences to 
influence the policy decision or payment. As a result, HB and SB are intertwined and often 
co- exist in the same SP setting.

It is widely accepted that HB may lead respondents to overstate their willingness to pay 
(WTP). This is particularly likely in the context of public goods where respondents might 
be keen to demonstrate support for the enhanced public good provision or might want to 
represent themselves as ‘doing the right or good thing’, especially if they do not expect that 
they would have to personally bear the specified cost (Johansson- Stenman and Svedsäter, 
2012; Morrison and Brown, 2009). Therefore, a large body of DCE literature has focused 
on mechanisms to reduce HB or on explaining its underlying behavioural reasons (Grebitus 
et al., 2013; Jacquemet et al., 2013; Kang et al., 2011) when investigated in relation to private 
goods (Doyon et al., 2015; Liebe et al., 2019; Lusk and Schroeder, 2004; Moser et al., 2014; 
Tonsor and Shupp, 2011) and public goods (Carson and Groves, 2007; Czajkowski et al., 
2017; Zawojska et al., 2019). Despite these efforts, mitigating HB remains a concern for SP 
valuation studies (Murphy, Allen, et al., 2005; Loomis, 2014). In a recent review, Haghani 
et al. (2021) concluded that in health- related choice experiments negligible degrees of HB 
are observed; experiments in consumer behaviour and transport domains show significant 
degrees of HB, and environmental valuation studies provide mixed evidence about the pres-
ence of this bias. Overall, the results of the studies concerned with HB and SB show that 
caution should be used when informing policies about public good provision using infor-
mation based on DCEs.

Approaches to reduce HB in SP- based valuations can be classified into ex- ante and ex- post 
mitigation strategies.2 Ex- ante approaches aim to reduce the bias at the survey design stage by 
emphasising the consequences of respondents’ choices, for example, in terms of additional 

 1We are grateful to an anonymous referee for pointing this out and for their contribution in improving previous versions of our 
paper.

 2Note that henceforth we are referring to reducing HB unless we specifically discuss SB. However, we acknowledge that it is 
possible that ex- ante and ex- post mitigation strategies also addressed SB (to some extent). We have decided to follow this 
assumption, because this was the term used in the studies that employed ex- ante and ex- post mitigation measures, and because the 
primary ways of correcting for SB concern the design of a study (e.g., the number of alternatives and choice tasks). For a 
comprehensive review of ex- ante and ex- post mitigation strategies, see Loomis (2011, 2014).
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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 (CTSs) have been 
widely used to ask respondents to consider responding as if payments were real. Despite the 
simplicity of CTSs, empirical evidence regarding their effectiveness is mixed. Some studies found 
CTSs to be successful in mitigating HB (Carlsson et al., 2005; Chowdhury et al., 2011; Ladenburg 
and Olsen, 2014; List et al., 2006; Tonsor and Shupp, 2011), while others observed no effects 
(Blumenschein et al., 2008; Bosworth and Taylor, 2012; Moser et al., 2014; Varela et al., 2014). 
Multiple reasons underpin these results. Generally, the effectiveness of CTSs tends to increase as 
the amount of CTSs increases (Brown et al., 2003; Murphy, Stevens, et al., 2005). The perfor-
mance of CTSs also varies depending on respondents’ previous experience or knowledge (Champ 
et al., 2009; Lusk, 2003), and they work better with less experienced individuals. Several studies 
found CTSs to be effective only for specific groups of people (Aadland and Caplan, 2003; Ami 
et al., 2011; Barrage and Lee, 2010; Champ et al., 2009) or for public goods (Penn and Hu, 2019).

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. The oldest ex- post approach is the follow- up certainty question, which 
asks respondents to state how certain they are about their choices (Akter and Bennett, 2013; 
Blumenschein et al., 1998; Blomquist et al., 2009; Champ et al., 2009; Johannesson et al., 1998; 
Ready et al., 2010). Another ex- post approach asks respondents to state their maximum WTP 
for the good in question in order to detect their preference uncertainty (Bush et al., 2009) or 
to identify choice inconsistencies (Colombo et al., 2016). An ex- post approach that does not 
rely on follow- up questions relies on the combination of data from revealed preference studies 
(if possible) with SP data (Azevedo et al., 2003; Brooks and Lusk, 2010) or the use of revealed 
preference data to calibrate stated WTP (Fox et al., 1998). Ex- post approaches generally find 
that follow- up questions can be used to obtain WTP estimates that better reflect true pref-
erences. However, as several authors have pointed out, a drawback of ex- post approaches 
with follow- up questions is that responses need to be adequately calibrated, given that it is 
necessary to determine at which level hypothetical decisions correspond to a real decision. 
Incorrect response calibration may result in further bias (Beck et al., 2016).

Simultaneous application of more than one mitigation technique may enhance HB reduc-
tion. For example, Ladenburg and Olsen (2014) and Varela et al. (2014) combined two ex- ante 
approaches by augmenting CTS with an opt- out reminder. However, this was only found to be 
effective in the case of Ladenburg and Olsen (2014). As Loomis (2014) pointed out, ex- ante and 
ex- post approaches may also be combined in a single study. A few studies have examined both 
approaches simultaneously in a Contingent Valuation (CV) setting (Blumenschein et al., 2008; 
Champ et al., 2009; Morrison and Brown, 2009; Whitehead and Cherry, 2007). The results of 
these studies suggest that ex- post approaches might be better positioned for reducing HB than 
ex- ante approaches. Whitehead and Cherry (2007) concluded that WTP estimates are simi-
lar when either ex- ante or ex- post approaches are employed, suggesting that the approaches 
should be considered as complements rather than substitutes. However, Blumenschein et al. 
(2008), Champ et al. (2009), and Morrison and Brown (2009) found that ex- post mitigation 
measures were more effective in reducing HB. An exception is Broadbent (2014), who inves-
tigated the joint effect of using both ex- ante and ex- post approaches in a DCE setting. In his 
study, concerning a quasi- public good, he found that marginal WTP between hypothetical 
and real choices did not differ statistically and concluded that in this case, it is unnecessary to 
employ any mitigation instruments. To our knowledge, the effect of using both approaches in 
the case of a DCE study on public goods has not yet been investigated.

We address 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 on mitigating HB. For the ex- ante approach, we test the sensitivity of the 
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WTP values to different CTS formats. In addition to the typical CTS that informs respondents 
about a common propensity to exaggerate stated WTP, we also consider a CTS that refers 
to the proposed project's relative extent (scale) and test whether either of the CTS formats 
affects the extent of HB. Additionally, we test whether the use of a combination of both CTSs 
further affects the stated WTP. Regarding the ex- post approach, we follow the methodology 
proposed by Colombo et al. (2016), who reduced 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 have four times the number of 
observations compared to Colombo et al. (2016). Importantly, the ex- post mitigation strategy 
does not require the application of any calibration function (or concomitant assumptions). 
Furthermore, the ex- post approach employed offers an opportunity to classify choices affected 
by either HB for SB, or by any other reason for respondents not responding truthfully. The 
ex- post approach therefore provides us with a tool to disentangle the effect of these biases. 
Finally, to shed light on whether the mixed results observed in the literature on the perfor-
mance of various HB mitigation strategies are due to the modelling approach, we use both a 
standard multinomial mixed (random parameters) logit model (MXL; Revelt and Train, 1998) 
and the more recent semi- parametric logit- mixed logit (LML; Train, 2016) model. The LML is 
arguably a more flexible approach that allows for the 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 (Bansal et al., 2018a; 
Bazzani et al., 2018; Franceschinis et al., 2017).

The remainder of this paper is organised as follows. Section 2 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 the data analy-
sis. We then present the results and discuss the implications for decision making in Section 4, 
ending the article with a set of conclusions presented in Section 5.

2 |  STU DY DESIGN

An online questionnaire was developed to elicit respondents’ preferences regarding the envi-
ronmental and social impacts of olive growing in the sloping areas of the Andalucía region in 
southern Spain. In the survey, respondents were told about olives using short and clear pieces 
of information to engage and keep respondents’ attention. We employed several graphical il-
lustrations to describe the olive growing production systems and their environmental and social 
impacts, which constitute the attributes of the DCE. Appendix A, online, provides the text ver-
sion of the survey. 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 focuses on marginal olive pro-
duction, which has a high potential to enhance public good provision. The DCE attributes were: 
(i) reducing the impact of climate change, (ii) enhancing biodiversity, (iii) reducing the risk of 
the pollution of water resources, (iv) limiting soil erosion, (v) increasing agricultural employ-
ment, and (vi) increasing tax. All attributes, except the tax increase, were treated as qualitative 
and coded as dummy variables. In all cases, detailed information about the level each attribute 
takes at the time of the survey and could take in the future through project implementation was 
provided to respondents with graphical illustrations and a short text. To help comprehension 
and consideration of the attributes and levels, we also provided this information in a simple 
table, which was available on demand throughout completion of the choice tasks.

Table 1  lists the attributes and their respective levels. An example choice card is shown 
in Figure 1. Six choice cards were presented to each respondent. Each choice task had three 
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alternatives. Two alternatives described the impacts of potential changes in olive growing in 
the region and were associated with a tax increase. A third alternative represented the status 
quo and was available at no extra cost. A fractional factorial experimental design was deter-
mined by minimising the D- error for an MNL specification using Bayesian techniques with 
priors determined from an earlier pilot study involving 30 people.

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 (Morrison and Brown, 2009) and the lack of 
incentive compatibility in the experiment (Carson and Groves, 2007; Vossler et al., 2012).3 Our 
working hypothesis is that ex- ante and ex- post approaches will result in a reduction in the esti-
mated WTP. We interpret a reduction in WTP associated with the use of ex- ante and ex- post 
approaches as a mitigation of potential HB. For the experimental treatments associated with the 
different (combinations of) ex- ante devices tested and their combination with an ex- post ap-
proach, our hypothesis is that (mean) WTP based on these treatments is different from (mean) 
WTP based on a control treatment in which no additional HB reduction is undertaken.

One of the study's limitations is that we did not include a ‘real’ treatment that may be used 
as a benchmark for disclosing respondents’ true preferences. In this sense, we cannot be sure 
of the magnitude of true unbiased WTP values. Therefore, we assume that lower WTP esti-
mates are closer to the unbiased value, given that monotonic preferences are to be expected 
in the experiment. Better environmental and social conditions are expected to be preferred to 

 3As one referee pointed out, the DCE design used in this experiment is not theoretically incentive compatible and, thus, we would 
not expect choices to provide reliable estimates of WTP, since respondents have an incentive to strategically misrepresent their 
preferences. This has been documented empirically in laboratory studies (Meginnis et al., 2021; Silz- Carson et al., 2020), and it is 
of interest to test the degree to which this occurs in the field. As Zawojska and Czajkowski (2017) stated, a small body of empirical 
literature addresses bias problems resulting from using more than two options or more than one choice task per respondent (see 
Weng et al., 2021, for an updated review). If the resulting bias is relatively small, the advantages of the enhanced statistical 
efficiency of elicitation formats that deviate from theoretical incentive compatibility could outweigh the negative consequences in 
terms of bias.

TA B L E  1  Attributes and levels of the choice experiment

Attribute Levels

Tackling climate change Low

Medium

High

Biodiversity Low

Medium

High

Risk of pollution of water resources High

Moderate

Low

Soil erosion High

Moderate

Low

Agricultural employment 0%,
+5%
+10%

Tax 0, 2, 7, 14, 23, 35, 51 €/year

Note: Levels in the current situation are shown in bold.
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worse conditions, all else being equal. Furthermore, although some authors have used ‘non- 
hypothetical’ treatments, we argue that it is never possible to mimic real consumers’ behaviour. 
For instance, Chowdhury et al. (2011), and Broadbent (2014) provided respondents with an initial 
monetary endowment that they had to spend according to the choices made. Alemu and Olsen 
(2018) gave respondents a lump sum prior to the DCE and informed them that they were welcome 
to keep the money for their own use. However, evidence suggests that respondents’ behaviour 
may differ depending on whether the wealth is regarded as a ‘windfall’ or ‘earned’ (Cherry et al., 
2002). To our knowledge, only Moser et al. (2014) and Liebe et al. (2019) carried out a field ex-
periment in which respondents used their own money, and Liebe et al. (2019) implemented the 
experiment in an online format. However, these two studies were made possible because they 
analysed preferences for existing consumer (market) goods of relatively low value, and is not 
practical for non- market goods. Furthermore, in the case of public goods, where a tax is used 
as the payment vehicle, providing respondents with a monetary incentive would equate to some 
form of a ‘tax- rebate’, which is implausible and may create distrust or confusion for respondents.

To appraise ex- ante approaches to mitigate HB, four different versions (Treatments 1– 4 
[T1– 4]) of the questionnaire were administered. In all treatments, following Ladenburg and 
Olsen (2014) and Varela et al. (2014), 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 made to explain the consequentiality of the 
study in terms of the tax increase associated with the choice of alternatives. As Vossler et al. 

F I G U R E  1  Example choice card
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(2012) observed, if respondents see the experiment as ‘sufficiently’ consequential, hypotheti-
cal WTP estimates do not differ statistically from real preference WTP estimates.4 In partic-
ular, we informed respondents that the survey was funded by the Andalusian government, 
which is well known to be the authority with competence for regional agri- environmental 
policy and which can impose taxes for environmental purposes. In the studied area, olive 
growing is a deeply subsidised production system (about 95% of the olive grove area receives 
a subsidy from the EU Common Agricultural Policy), and respondents were aware of this.

We employed the available features of online surveys to encourage respondents to think 
carefully about their choices. Features included delaying the next steps through the survey to 
convey important information and providing pop- up windows to explain the choice task and 
provide definitions of the attribute levels. T1 served as a control treatment in which additional 
ex- ante HB mitigation strategies were absent. In T2, respondents received a CTS that informed 
them about the likely HB in the choices and explicitly reminded them to consider that the 
hypothetical nature of the choices may influence their answer and lead to erroneous study 
conclusions, which may result in the application of a higher tax increase. The CTS script reads:

Please note that previous research shows that respondents sometimes selected an alternative 
that they would not have chosen if they really had to pay for it. In other words, they chose an 
alternative without considering the associated costs, because they did not have to pay for them 
there and then. This could lead us to the wrong conclusions and could even result in the application 
of a higher tax increase by the Junta de Andalucía. For this reason, we ask you only to choose 
an alternative situation if you are willing to pay more tax in exchange for the benefits described. 
Otherwise, simply choose the current situation.

In T3, we included a CTS aimed at considering the project's relative extent. This treatment 
serves to investigate the likely spatial dimensions of the HB. Given the hypothetical nature of 
the project described in the DCE, respondents may not focus on the dimension of the proposed 
changes and may express a WTP measure that considers the entire olive grove area 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 total agricultural area (8%). The accompanying CTS, which 
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, reads as follows:

Please bear 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 groves of 
Andalusia, which occupy 24% of the total area farmed with olives in Andalusia, and 8% of all 
agricultural land.

In T4, we combined both types of CTSs (i.e., those shown in T2 and T3) to test whether there 
is an effect of joint CTS presentation.

Between December 2012 and February 2013, 200 surveys were completed for each treat-
ment by a specialised market research company using a random sampling procedure.5 For 
each treatment, we recorded the time that each respondent spent completing the choice tasks 
and the percentage of inconsistent choices, determined using the procedure described below.

After completing the choice tasks, that is, 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 all respondents who chose a ‘non- status quo’ alternative at least once to state their max-
imum WTP for the best possible outcome according to non- monetary attribute levels. Based 
on expected monotonic preferences for non- monetary attributes, this outcome is character-
ised by the highest level of each non- monetary attribute. This payment card elicitation was 

 4Consequentiality is a necessary condition for incentive compatibility in DCEs.

 5In total, 201 completed questionnaires were collected for T1.
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presented in a format similar to alternatives in DCE choice tasks and is shown in Appendix 
A, online. Respondents were asked to state their maximum WTP using a payment ladder. 
The stated maximum WTP was then compared to the tax increase associated with the cho-
sen alternatives to detect whether respondents’ choices were inconsistent with the maximum 
WTP stated ex post. That is, we compared whether respondents had chosen an alternative in 
the choice tasks that represented worse environmental and social outcomes 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 and allowed them to revise their choices if they wished 
to do so. The procedure is summarised in Appendix A, online. It provided information for 
an ex- post analysis of choices, in which revised choices replace initially ‘inconsistent choices’. 
It is important to point out that to avoid forcing a reduction in WTP, we did not prompt or 
constrain respondents to alter their initial choice; rather, respondents could choose to re-
tain their initial choice or revise it. We stored both initial responses (ex- ante) and responses 
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 organic food consumption, 
as well as the reason for consuming or not consuming organic foods.

3 |  ECONOM ETRIC FRA M EWOR K

According to random utility theory, utility respondent i obtained from alternative j at choice 
occasion t relies on a deterministic term X ijt� i and a random term �ijt following a Gumbel 
distribution:

where X ijt is the vector of k attributes describing alternative j faced by respondent i at time occa-
sion t, and � i is the individual- specific vector of k preference parameters. In the MXL (McFadden 
and Train, 2000; Revelt and Train, 1998; Train, 2009), elements of � i are modelled as random, fol-
lowing a parametric probability distribution the researcher selected a priori. MXL appears to be a 
state- of- the- art practice in the econometric analysis of discrete choice data. In addition, we apply 
the semi- parametric LML (Train, 2016) as an alternative way to model preference heterogeneity.

The MXL model accounts for preference or WTP heterogeneity, following a particular 
parametric distribution. The multivariate (parametric) distribution of these parameters in the 
sample is � i ∼ f (b,�), where b is a vector of sample means, and � is a variance– covariance 
matrix. A convenient way of accounting for preference differences associated with information 
treatments is � i ∼ f

(
b + zi�,�

)
, where z is a binary indicator for treatment effects and � is a 

vector of the estimated attribute- specific effects.
To facilitate interpretation of the results, we specify the model in WTP space (Train and 

Weeks, 2005) : 

where Xm
ij

 is the monetary attribute with respect to which all marginal rates of substitution (WTP) 

are expressed, and X−m
ij

 represents all other attributes. In this specification, parameter estimates 
(
�−m
i

)
 can be readily interpreted as the marginal WTP for non- monetary attributes. Here, we can 

also define �−m
i

∼ f
(
b−m + zi�

−m,�−m
)
, which allows us to interpret b−m as the mean WTP for a 

base treatment and b−m + zi�
−m as the mean WTP for other treatments.

(1)Uijt = X ijt� i + �ijt,

(2)Uij=�
m
i
(Xm

ijt
+X

−m
ijt

�−m
i

) + �ij ,
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Estimation of the MXL requires calculation of the k dimensional integral for a likelihood 
function of individual i:

where f
(
�m
i
,�−m

i
|Ω) is a density function of random parameters, whose distributions depend on 

the parameters to be estimated, Ω, and p
(
yi|X ijt, �

m
i
,�−m

i

)
 is the conditional probability of mak-

ing choices, yi, given by:

As the analytical formula for the integral in Equation (3) is usually unknown, it must be ap-
proximated. Researchers typically employ the maximum simulated likelihood (MSL) method, 
in which R random draws from a distribution described by f

(
�m
i
,�−m

i
|Ω) has to be generated 

for each individual. Using the draws, the integral can be approximated as:

where the additional index r denotes the r th draw. To make the estimation more precise, we used 
10,000 scrambled Sobol draws (Czajkowski and Budziński, 2015).

The LML model is a semi- parametric approach proposed by Train (2016), which allows 
for the estimation of the shape of the 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 for the recovery 
of multimodal and asymmetric distributions (Franceschinis et al., 2017) and recovers induced 
means of respondents’ WTP better than the standard MXL model (Bazzani et al., 2018).

The econometric specification of LML is not significantly different from that described 
above for the MXL. However, instead of assuming a parametric, continuous distribution for 
random parameters, such as f

(
�m
i
,�−m

i
|Ω), the true (continuous) distribution is approximated 

using a discrete distribution. Specifically, we assume that the k th random parameter lies 
within some interval, 

[
LOWk,UPk

]
, and we choose N points dividing this interval into N − 1 

smaller intervals of equal lengths. This creates a grid of NK vectors of parameter values. The 
likelihood function is then given by:

where W
(
�m
in
,�−m

in
|�,�) is the probability of the vector of parameter values, �m

in
,�−m

in
, which de-

pends on the parameters to be estimated, �,�. The formula for this probability is given by a stan-
dard multinomial logit:

(3)Li = ∫ p
(
yi|X ijt, �

m
i
,�−m

i

)
f
(
�m
i
,�−m

i
|Ω) d (�m

i
,�−m

i

)
,

(4)p
�
yi�X ijt, �

m
i
,�−m

i

�
=

�
t

⎛
⎜⎜⎜⎝

�
j

yijt

exp
�
�m
i

�
Xm
ijt
+X−m

ijt
�−m
i

��

∑
lexp

�
�m
i

�
Xm
ilt
+X−m

ilt
�−m
i

��
⎞
⎟⎟⎟⎠
.

(5)Li ≈
1

R

∑
r

p
(
yi|X ijt, �

m
ir
,�−m

ir

)
,

(6)Li =

NK∑
n=1

W
(
�m
in
,�−m

in
|�,�) p (yi|X ijt, �

m
in
,�−m

in

)
,

(7)W (�m
in
,�−m

in
��,�) = exp(Z (�m

in
,�−m

in
)� +V (�m

in
,�−m

in
,T i)�)∑

dexp(Z (�m
id
,�−m

id
)� +V (�m

id
,�−m

id
,T i)�)

.
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Z
(
�m
in
,�−m

in

)
 in Equation (7) denotes some flexible transformation of the values of the 

random parameter vector. The transformations considered here are Legendre polynomi-
als, step functions and four versions of splines (linear spline, cubic spline, piecewise cubic 
spline and piecewise cubic Hermite interpolating spline). To incorporate correlations be-
tween random parameters, we included first- order interactions between the elements of 
vectors 

(
�m
in
,�−m

in

)
.

V
(
�m
in
,�−m

in
,T i

)
 in Equation (7) denotes some transformation of the values of the random 

parameter vector and individual- specific treatment, Ti. The incorporation of additional 
individual- specific explanatory variables into the LML framework has not yet attracted much 
attention. Approaches that have been considered to date include incorporating the additional 
interaction between socio- demographic/treatment variables and attributes directly into the 
utility function (Bansal et al., 2018b) or estimating a separate model for each value of the 
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 random parameter values, namely 
V
(
�m
in
,�−m

in
,T i

)
=
(
T i�

m
in
,T i�

−m
in

)
. Obviously, more complex functions can be defined, such as 

interaction with polynomials of �m
in
,�−m

in
 of a higher order than one, but this also requires esti-

mation of a greater number of coefficients.
Similar to the MXL case, model estimation can be performed using the MSL method. We 

used R random draws from the grid (each point was drawn with the same probability) for each 
individual to approximate the likelihood function:

As in the case of MXL, we used scrambled Sobol draws to make the estimation more effi-
cient. The approximation in Equation (8) can be used to calculate the mean WTP, as a sum of 
R random draws from the grid, weighted by the estimated probability that they will occur in 
the population, W

(
�m
ir
,�−m

ir
|�,�):

Working with the LML model requires the selection of an appropriate specification. 
Multiple options are available for the specification of the Z

(
�m
in
,�−m

in

)
 function. Most exist-

ing studies used information criteria to guide specification choice. We also employed this 
approach.6 Finally, model specification requires selecting the values of the random distri-
bution bounds. Most studies used the estimates from the MXL model, with bounds defined 

(8)Li ≈

R∑
r=1

W (�m
ir
,�−m

ir
|�,�)p(yi|X ijt, �

m
ir
,�−m

ir
).

(9)MWTP ≈

R∑
r=1

W (�m
ir
,�−m

ir
|�,�)�−m

ir
.

 6Similar 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. (2018a) noted that this is the most likely in small 
samples and recommended considering significant changes in histograms of parameter distributions and choosing a minimal 
number of parameters so that any additional parameters will not change the 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) to compare the fit of different 
specifications.
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as two standard deviations above and below the mean. Train (2016) was the first to use this 
approach, and to the best of our knowledge, only Caputo et al. (2017) experimented with 
different settings by taking three standard deviations or extending parameter bounds based 
on visual inspection. The results they obtained are mixed; for some specifications of 
Z
(
�m
in
,�−m

in

)
, extending parameter bounds increases the model fit, but for other specifica-

tions, it decreases the model fit. We also test the sensitivity of model performance depend-
ing on the range of bounds, which are defined with reference to the parameters of an MXL 
model without correlation.

4 |  RESU LTS

The overall sample is representative of the Andalusian population with respect to gender 
(chi- squared  =  0.12; p- value  =  0.73). However, it differs in terms of age, education and in-
come, with younger (chi squared = 2399, 0; p- value = 0.00) and highly educated citizens (chi 
squared  =  1125.5; p- value  =  0.00) being over- represented. The sample is representative in 
terms of lower income ranges, but it is not representative in terms of medium-  and higher- 
income respondents, who are over-  and under- represented, respectively (chi squared = 52.5; 
p- value = 0.00). These differences were maintained across the four treatments, which were all 
different relative to the general population with respect to the dimensions described above. 
That is, there were no significant differences in socio- economic characteristics across treat-
ments. Treatments do not affect the response time related to choosing the preferred option in 
the choice tasks. In all treatments, respondents became faster at completing the choice tasks as 
they moved through the sequence of choices, as observed previously in other studies (Bonsall 
and Lythgoe, 2009; Carlsson et al., 2012). The reduction in completion times was particularly 
pronounced between the first and second choice tasks. Furthermore, treatments showed a 
similar 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 use 
dummy coding for all attributes and assume that their parameters are normally distributed, 
except for cost, entering models on a continuous scale, and the associated (negative) cost pa-
rameter, which was assumed to be 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 
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– 2.5 MXL- based standard devia-
tions below and above the mean resulted in relatively similar results, with the optimum identified 
at 1.8. This supports the use of the rule of thumb of approximately two standard deviations below 
and above the mean (Train, 2016). However, it must be noted that this approach did not differen-
tiate the bounds for each parameter, implement asymmetric bounds, or generate other reference 
points for determining bounds (i.e., not based on the results of the MXL model without correla-
tions). The results for the effects of selecting different bound ranges are provided in Appendix B, 
online. Next, we compared the performance of various LML model specifications (asymptotic 
normal, polynomial, step function, and four types of spline functions of 2– 10 degrees) with and 
without correlated parameters. A comparison of the fit of various LML model specifications is 
available in Appendix C, online. Based on the AIC, we selected the 8- knot piece- wise cubic spline 



    | 13
EX- POST MITIGATION OF HYPOTHETICAL AND STRATEGIC 
BIAS IN CE

T
A

B
L

E
 2

 
M

ea
n 

W
T

P
 fo

r 
po

li
cy

 a
tt

ri
bu

te
s 

es
ti

m
at

ed
 u

si
ng

 jo
in

t 
an

d 
tr

ea
tm

en
t-

 sp
ec

if
ic

 d
at

a 
an

d 
th

e 
M

X
L

 a
nd

 L
M

L
 m

od
el

s 
u

si
ng

 e
x-

 an
te

 d
at

a 
[E

U
R

/y
ea

r]

M
X

L
L

M
L

A
ll 

tr
ea

tm
en

ts
 

jo
in

tl
y

C
on

tr
ol

: 
st

an
da

rd
 

re
m

ai
nd

er
s

T
re

at
m

en
t 

2:
 H

B
 c

he
ap

 
ta

lk

T
re

at
m

en
t 

3:
 S

ca
le

 o
f 

th
e 

pr
oj

ec
t 

re
m

in
de

r

T
re

at
m

en
t 

4:
 H

B
 c

he
ap

 
ta

lk
 a

nd
 s

ca
le

 
of

 t
he

 p
ro

je
ct

 
re

m
in

de
r

A
ll 

tr
ea

tm
en

ts
 

jo
in

tl
y

C
on

tr
ol

: 
st

an
da

rd
 

re
m

ai
nd

er
s

T
re

at
m

en
t 

2:
 H

B
 c

he
ap

 
ta

lk

T
re

at
m

en
t 

3:
 s

ca
le

 o
f 

th
e 

pr
oj

ec
t 

re
m

in
de

r

T
re

at
m

en
t 

4:
 H

B
 c

he
ap

 
ta

lk
 a

nd
 s

ca
le

 
of

 t
he

 p
ro

je
ct

 
re

m
in

de
r

St
at

u
s 

qu
o 

(a
lt

er
na

ti
ve

 
sp

ec
if

ic
 c

on
st

an
t)

31
.9

0*
**

 (3
.5

5)
27

.6
0 

(4
.9

0)
27

.6
3 

(4
.9

6)
37

.7
3 

(5
.6

7)
37

.1
2 

(6
.5

4)
18

.7
4*

**
 (1

.3
2)

18
.3

0 
(2

.3
6)

16
.5

3 
(2

.3
5)

23
.1

3*
 

(2
.2

8)
20

.7
2 

(2
.0

7)

T
ac

k
li

ng
 c

li
m

at
e 

ch
an

ge
—

 m
ed

iu
m

 
(v

s.
 lo

w
)

15
.2

2*
**

 (1
.6

0)
16

.3
4 (2

.3
6)

11
.3

5 
(2

.2
2)

16
.0

3 
(2

.8
8)

17
.7

1 
(2

.6
2)

13
.6

4*
**

 (0
.1

2)
13

.5
5 

(0
.2

1)
13

.7
8 

(0
.2

2)
13

.3
0 (0

.2
0)

14
.1

4*
* 

(0
.2

1)

T
ac

k
li

ng
 c

li
m

at
e 

ch
an

ge
—

 h
ig

h 
(v

s.
 

lo
w

)

19
.8

8*
**

 (1
.7

0)
18

.8
2 (2

.5
0)

16
.9

1 
(2

.2
6)

21
.4

5 
(2

.7
7)

21
.7

1 
(2

.6
4)

17
.5

9*
**

 (0
.3

7)
17

.8
7 

(0
.6

5)
16

.8
4 

(0
.5

6)
17

.9
1 (0

.5
7)

17
.4

1 
(0

.6
3)

B
io

d
iv

er
si

ty
—

 m
ed

iu
m

 
(v

s.
 lo

w
)

15
.1

6*
**

 (1
.5

7)
17

.7
7 

(2
.5

6)
14

.8
2 

(2
.3

3)
15

.4
6 

(2
.9

7)
12

.1
4 

(2
.7

8)
13

.1
5*

**
 (0

.2
8)

13
.1

6 
(0

.4
7)

14
.1

9 
(0

.5
3)

13
.6

4 (0
.4

8)
13

.1
1 

(0
.6

2)

B
io

d
iv

er
si

ty
—

 h
ig

h 
(v

s.
 

lo
w

)
21

.1
0*

**
 (1

.7
1)

23
.1

4 (2
.5

7)
19

.2
7 

(2
.3

7)
21

.1
0 

(2
.7

9)
20

.7
6 

(2
.6

9)
18

.9
8*

**
 (0

.4
1)

19
.9

2 
(0

.6
4)

18
.2

2*
 (0

.7
8)

18
.0

3*
* 

(0
.6

9)
19

.6
8 

(0
.8

0)

R
is

k 
of

 p
ol

lu
ti

on
 o

f 
w

at
er

 r
es

ou
rc

es
—

 
m

o
de

ra
te

 (v
s.

 h
ig

h)

18
.6

7*
**

 (1
.6

2)
17

.0
8 

(2
.5

8)
17

.4
0 

(2
.3

3)
23

.2
5 

(3
.0

1)
18

.4
0 

(2
.7

5)
16

.0
4*

**
 (0

.0
8)

16
.0

9 
(0

.1
5)

16
.0

5 
(0

.1
5)

16
.2

0 (0
.1

7)
15

.9
9 

(0
.1

6)

R
is

k 
of

 p
ol

lu
ti

on
 o

f 
w

at
er

 r
es

ou
rc

es
—

 
lo

w
 (v

s.
 h

ig
h)

28
.1

0*
**

 (2
.0

9)
28

.1
9 (2

.9
4)

24
.5

6 
(2

.9
1)

32
.5

1 
(3

.5
5)

27
.8

6 
(3

.2
6)

26
.2

9*
**

 (0
.2

2)
26

.5
4 

(0
.3

9)
26

.2
5 

(0
.3

8)
26

.3
2 (0

.3
9)

25
.9

2 
(0

.4
0)

So
il

 e
ro

si
on

—
 m

o
de

ra
te

 
(v

s.
 h

ig
h)

12
.0

5*
**

 (1
.5

7)
10

.3
2 (2

.4
9)

11
.3

5 
(2

.4
4)

13
.2

0 
(2

.7
9)

13
.5

0 
(2

.6
7)

10
.8

9*
**

 (0
.0

2)
10

.8
5 

(0
.0

4)
10

.8
9 

(0
.0

3)
10

.8
9 (0

.0
4)

10
.9

3*
 (0

.0
3)

So
il

 e
ro

si
on

—
 lo

w
 (v

s.
 

h
ig

h)
17

.8
4*

**
 (1

.5
7)

16
.7

9 
(2

.5
2)

17
.7

9 
(2

.2
1)

19
.7

1 
(2

.7
4)

17
.5

3 
(2

.6
4)

15
.2

8*
**

 (0
.2

2)
15

.1
2 

(0
.4

1)
15

.4
5 

(0
.4

7)
16

.3
4*

* 
(0

.4
6)

14
.6

1 
(0

.3
6)

A
gr

ic
u

lt
u

ra
l 

em
pl

oy
m

en
t—

 5%
 

in
cr

ea
se

 (v
s.

 n
o 

ch
an

ge
)

15
.5

0*
**

 (1
.6

3)
17

.2
7 

(2
.7

6)
13

.5
6 

(2
.2

9)
14

.6
8 

(2
.9

6)
17

.6
1 

(2
.7

2)
15

.8
0*

**
 (0

.0
3)

15
.8

3 
(0

.0
5)

15
.7

5 
(0

.0
5)

15
.8

0 (0
.0

5)
15

.8
1 

(0
.0

5)

(C
on

ti
nu

es
)



14 |   COLOMBO et aL.

M
X

L
L

M
L

A
ll 

tr
ea

tm
en

ts
 

jo
in

tl
y

C
on

tr
ol

: 
st

an
da

rd
 

re
m

ai
nd

er
s

T
re

at
m

en
t 

2:
 H

B
 c

he
ap

 
ta

lk

T
re

at
m

en
t 

3:
 S

ca
le

 o
f 

th
e 

pr
oj

ec
t 

re
m

in
de

r

T
re

at
m

en
t 

4:
 H

B
 c

he
ap

 
ta

lk
 a

nd
 s

ca
le

 
of

 t
he

 p
ro

je
ct

 
re

m
in

de
r

A
ll 

tr
ea

tm
en

ts
 

jo
in

tl
y

C
on

tr
ol

: 
st

an
da

rd
 

re
m

ai
nd

er
s

T
re

at
m

en
t 

2:
 H

B
 c

he
ap

 
ta

lk

T
re

at
m

en
t 

3:
 s

ca
le

 o
f 

th
e 

pr
oj

ec
t 

re
m

in
de

r

T
re

at
m

en
t 

4:
 H

B
 c

he
ap

 
ta

lk
 a

nd
 s

ca
le

 
of

 t
he

 p
ro

je
ct

 
re

m
in

de
r

A
gr

ic
u

lt
u

ra
l 

em
pl

oy
m

en
t—

 10
%

 
in

cr
ea

se
 (v

s.
 n

o 
ch

an
ge

)

27
.2

4*
**

 (1
.9

8)
32

.5
6 (3

.4
6)

21
.6

7*
* 

(2
.8

4)
24

.2
6*

 (3
.4

1)
30

.8
1 

(3
.2

6)
24

.4
2*

**
 (0

.7
5)

24
.8

2 
(1

.1
7)

24
.0

5 
(1

.2
4)

22
.5

1 (1
.1

9)
25

.6
4 

(1
.1

1)

M
od

el
 d

ia
gn

os
ti

cs

L
L

 a
t 

co
nv

er
ge

nc
e

−
39

39
.1

9
−

39
21

.0
3

−
37

84
.3

5
−

37
53

.1
4

L
L

 a
t 

co
n

st
an

t(
s)

 o
n

ly
−

52
79

.9
1

−
52

79
.9

1
−

52
79

.9
1

−
52

79
.9

1

M
cF

ad
de

n'
s 

p
se

ud
o

- R
²

0.
25

39
0.

25
74

0.
28

33
0.

28
92

B
en

- A
k

iv
a-

 L
er

m
an

's 
p

se
ud

o
- R

²
0.

46
09

0.
46

26
0.

48
08

0.
48

46

A
IC

/n
1.

67
67

1.
68

42
1.

64
73

1.
64

92

B
IC

/n
1.

79
80

1.
85

40
1.

88
18

1.
93

23

n 
(o

b
se

rv
at

io
n

s)
48

06
48

06
48

06
48

06

r 
(r

es
p

on
de

nt
s)

80
1

80
1

80
1

80
1

k 
(p

ar
am

et
er

s)
90

12
6

17
4

21
0

N
ot

es
: 

*,
 *

*,
 a

nd
 *

**
 in

d
ic

at
e 

th
e 

st
at

is
ti

ca
l s

ig
n

if
ic

an
ce

 (
W

al
d 

te
st

) 
of

 t
he

 d
if

fe
re

nc
e 

in
 W

T
P

 b
et

w
ee

n 
th

e 
co

nt
ro

l t
re

at
m

en
t 

(s
ta

nd
ar

d 
re

m
ai

nd
er

s)
 a

nd
 t

he
 o

th
er

 t
re

at
m

en
ts

 (a
dd

it
io

na
l m

ea
su

re
s 

ai
m

ed
 a

t 
re

du
ci

ng
 h

yp
ot

he
ti

ca
l b

ia
s)

 a
t 

th
e 

0.
1,

 0
.0

5 
an

d 
0.

01
 le

ve
ls

, r
es

p
ec

ti
ve

ly
. F

or
 ‘A

ll
 t

re
at

m
en

ts
 jo

in
tl

y’
, a

st
er

is
k

s 
in

d
ic

at
e 

st
at

is
ti

ca
l s

ig
n

if
ic

an
ce

 w
it

h 
re

sp
ec

t 
to

 0
. S

ta
nd

ar
d 

er
ro

rs
 a

re
 s

ho
w

n 
in

 
p

ar
en

th
es

es
.

T
A

B
L

E
 2

 
(C

on
ti

nu
ed

)



    | 15
EX- POST MITIGATION OF HYPOTHETICAL AND STRATEGIC 
BIAS IN CE

as the best- fitting specification of the LML model.7 It is worth mentioning that for the models with 
correlated parameters, based on the Bayesian information criterion, which is more restrictive in 
terms of penalising models for the number of parameters, none of the LML models 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 differ-
ences between the mean WTP estimates implied by the MXL and LML models. These differ-
ences are within approximately 10% of the WTP derived from the MXL model and are not 
statistically different according to z- tests, except for the status quo, for which WTP resulting 
from the LML model was 40% lower.8

Looking at the differences in WTP associated with treatments, we find that in almost all cases, 
estimates of mean WTP resulting from T2– 4 are not significantly different from WTP estimates 
inferred from the control treatment (T1). In the case of the MXL model, the only significant dif-
ference was observed for a 10% increase in agricultural employment for T2 and T3. Irrespective 
of the statistical significance of the differences, there is no consistent trend of lower mean WTP 
estimates arising from single or joint treatment with CTSs. For the LML model results, significant 
differences were observed in more cases than in the MXL model results. This is primarily due 
to the lower standard errors of the parameter estimates of the LML model relative to the MXL 
model. Significant differences represent either an increase (e.g., soil erosion— high: T3) or a de-
crease (e.g., biodiversity— high: T2 and T3) in the WTP estimates of attribute levels.

The analysis of WTP after respondents’ review of their ‘inconsistent’ choices (ex- post) provides 
similar results. The results (presented in Table A3, online) show that in most cases, the additional 
cheap talk and reminders about the extent of the project (scale) used in T2– 4 did not result in sta-
tistically different WTP estimates for the MXL model, relative to T1, which only used standard 
budget constraint reminders. Again, a greater number of significant differences were found for 
the LML model results, but there is no uniform trend of lower WTP estimates for T2– 4 relative to 
T1 across all attributes. Furthermore, the share of inconsistent choices was not statistically differ-
ent between any of the four treatments, revealing that the use of CTSs does not affect the degree of 
choice inconsistency of respondents. Overall, we conclude that the inclusion of CTSs had a limited 
effect on WTP estimates for both respondents’ initial and revised choices.

However, we find that allowing respondents to revise their choices leads to significant reduc-
tions in WTP. This result is illustrated in Figure 2, which presents estimates of mean WTP result-
ing from MXL and LML models for ex- ante (unrevised) and ex- post (revised) data along with the 
95% confidence interval. According to z- tests, the mean WTP estimates for all attributes are sta-
tistically 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 recon-
sider 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 constrained to change their initial choices in the revision process. The percentage of ‘inconsis-
tent’ 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.

The procedure used to identify choice consistency allows us to investigate the potential 
reasons underlying the decisions to revise or not to revise previous choices. This can provide 
supporting information for understanding reasons for choice inconsistencies and associated 
bias. The analysis of inconsistent choices revealed that of 801 individuals, 342 (43%) responded 

 7The models presented here were estimated using a DCE package developed in Matlab that is 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 https://czaj.org/resea rch/suppl ement ary- mater ials.

 8As an aside, we found that the status quo parameter estimate was relatively the least stable across various LML model 
specifications, possibly because of the least variability in experimental design. For the rest of the parameter estimates, the 
standard errors resulting from the LML model are substantially lower than the standard errors associated with the MXL- based 
estimates.

https://github.com/czaj/DCE
https://github.com/czaj/DCE
https://czaj.org/research/supplementary-materials
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consistently to all choice tasks, while 459 respondents were found to have at least one inconsis-
tent choice (one: 170, two: 116, three: 94, four: 42, five: 28, six: 9).

There are several explanations for why respondents make inconsistent choices. The first 
group of causes includes reasons associated with what we refer to as ‘unpremeditated’ incon-
sistent choices. These are choices where respondents unintentionally select choice alternatives 
with higher associated costs relative to their ‘maximum’ WTP.9 We attribute this behaviour to 
individuals who, once faced with their inconsistencies, revised all of them to make them con-
sistent or who, in line with the soft cutoffs approach (Bush et al., 2009; Swait, 2001), made a 

 9We refer to ‘maximum’ WTP in quotation marks acknowledging that, as explained in the study design section, we do not have 
data on real WTP that could be used as a benchmark. Consequently, we implicitly assume that the WTP stated on the payment 
card is respondents’ maximum WTP. We acknowledge that this may attract criticism, given that the payment card has not been 
theoretically shown to be fully incentive compatible (Vossler and Holladay, 2018). However, this format maintains choice set 
independence and one- to- one matching between the project identified and the policies that might be implemented. There is 
insufficient empirical evidence from the field to understand whether the format generates demand revealing responses if 
accompanied by perceived consequentiality.

F I G U R E  2  Comparison of WTP means between the estimated models
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‘small’ violation of the stated price cutoffs.10 Inconsistent choices due to ‘unpremeditated’ HB 
may have occurred because the hypothetical context is less demanding than a real payment 
context, increasing the likelihood of positive responses. This is supported by empirical evi-
dence on HB from neuroimaging studies that found that brain activity showed that hypothet-
ical and real choices both activated common areas of the brain, but that the activation strength 
was higher in the real choice condition (Kang et al., 2011). This is also observed in the case of 
moral choices, where common neural networks are observed for both real and hypothetical 
conditions. However, there is a distinct circuitry of activity specific to each condition (Feldman- 
Hall et al., 2012).

In the case of public goods, ‘unpremeditated’ HB may also be linked to respondents’ desire 
to comply with social norms and behaviours, given that people derive utility from portraying 
a positive self- image (Johansson- Stenman and Svedsäter, 2012; Morrison and Brown, 2009). 
This may have led respondents to focus on the non- monetary attributes of the choice alter-
natives, all linked with the provision of positive environmental and social outcomes, without 
trading them off with the associated price. In addition, the multi- attribute design of DCE 
may reduce the importance of price relative to other attributes and thus distract respondents’ 
attention from it. Similarly, respondents facing a choice set for the first time may interpret 
it differently than subsequent choice sets because of institutional learning (Meyerhoff and 
Glenk, 2015). In this case, the possibility of respondents reconsidering their choice is a way of 
correcting unintended errors.

Another possibility is the existence of uncertainty regarding WTP for the studied good. 
In this case, the maximum WTP should not be considered as a fixed amount but rather 
as a value with a variance that is proportional to the degree of fuzziness or uncertainty 
(Sun and Van Kooten, 2009). Carlsson et al. (2012) observed that in this case, individual 
choice in a public good context can be expected to diverge significantly from standard util-
ity theory predictions if preferences are well defined. It is also possible that the two WTP 
elicitation methods employed in this study disclosed different values. Roe et al. (1996) and 
Salensminde (2003) observed that DCE, compared to open- ended CV, tends to capture re-
spondents’ relative rather than absolute valuation, which is more in line with their budget 
constraints. Vossler and Holladay (2018) observed that the payment card format used to 
disclose the maximum WTP may underestimate the values. Thus, it may be expected that 
the values obtained from the payment card CV would be lower than those derived through 
DCE.

In the second group of potential reasons underlying inconsistent choices, related to SB, 
we include explanations related to the voluntary choice of individuals who deliberately vio-
late their maximum stated WTP to strategically influence policy outcomes. Such behaviour 
is consistent with respondents who, when faced with inconsistent choices relative to the 
stated maximum WTP, decided to maintain the original choices, even if the violation of the 
price cutoffs is above an acceptable limit. The cutoff threshold value is an empirical issue 
that must be set according to the study's specific conditions and the available informa-
tion (Bush et al., 2009). In general, when analysts expect larger uncertainties, higher values 
should be used. In this study, acknowledging that the good under study is unfamiliar to 
respondents and that the threshold value affects the number of individuals that are consid-
ered to be unintentionally or strategically inconsistent, we employ four different values of 
the acceptable limit for the price cutoff violation: 0%, 30%, 70% and 100%. The 0% value 
only considers consistent individuals and treats all the other individuals as inconsistent, 

 10Small violations of the stated price cutoffs occur when the difference between the cost of the chosen alternative and the stated 
maximum WTP is within the analyst's accepted violation limit. For instance, the violation of a respondent who stated €50 as 
maximum WTP and chose an alternative whose cost is €51 can be considered within the acceptable limit. As pointed out further 
on, several limit thresholds are used in this paper.
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either because their choices were strategically made or due to any other reasons. Values 
other than 0% acknowledge a certain degree of uncertainty in the stated maximum WTP 
before considering an individual as inconsistent. This behavioural pattern applies to 277, 
197, 103 and 94 respondents for the 0%, 30%, 70% and 100% price cut- off limits, respec-
tively, which constitute a substantial share of the sample.

We acknowledge that there might be other reasons for respondents to retain their inconsis-
tent choices. Fatigue arising from the repetitive nature of choice tasks, the desire to speed up 
progress through the survey, indifference to changing anything, and a feeling of uncertainty 
about what to do or whether to contradict earlier responses may all be possible causes for not 
changing inconsistent choices. Nevertheless, we attribute choice inconsistency to HB or SB in 
this study for the following reasons. First, we did not find any differences in the time that in-
consistent respondents needed to complete the survey relative to consistent respondents.11 This 
suggests that inconsistent respondents did not pay different levels of attention to the choice 
task or tend to complete the survey as quickly as possible.

We found that the group of inconsistent respondents comprised consumers who frequently 
purchase organic food and stated that the main reason for doing so is because organic food 
consumption contributes to protecting the environment.12 This supports a plausible explana-
tion that these individuals deliberately chose the policy alternatives that provide the best envi-
ronmental outcomes irrespective of the associated cost, with the aim of influencing the study's 
results. This group of respondents shares characteristics with environmentalists, who often 
complain about the low level of attention that policy in general and agricultural policy in par-
ticular pay to the environment. Thus, these respondents may have perceived the possibility of 
influencing agricultural policy through the survey and therefore opted to vote strategically 
through their responses. In this context, the use of a non- incentive compatible choice mecha-
nism (repeated choice from choice set containing three options) may also have encouraged the 
respondents’ strategic behaviour.

To illustrate the effect on mean WTP estimates, we estimated additional models that in-
cluded all the consistent individuals and excluded respondents who made what might be a 
strategic or an inconsistent choice due to any other reason. Given the different treatments’ lack 
of statistical significance, we estimated a joint model that included all treatment observations 
(Table 3).

The results of the MXL model indicate that mean WTP estimates are significantly af-
fected by the inconsistent choices of the individuals who were identified to behave strate-
gically; however, this is only the case if we do not allow any degree of uncertainty in the 
respondents’ stated maximum WTP. If respondents’ stated maximum WTP is allowed to 
be up to 30% lower than the price associated with the alternative selected in choice tasks, 
WTP differences are only marginally significant for one of the attributes. No significant 
differences were observed if the analyst was willing to accept an uncertainty threshold of 
70%. The results of the LML model also indicate significant differences in the mean WTP. 
However, in this case, the significance of the differences does not necessarily diminish with 
a higher threshold of accepted uncertainty. This is possibly a result of the very high sen-
sitivity of the standard errors derived from the highly parametrised LML model for con-
strained samples. In our case, this unreliability precludes us from drawing clear conclusions 
with respect to whether removing inconsistent choices (at an assumed uncertainty level) 
significantly influences the observed WTP estimates.

 11We employed Mann- Whitney tests for the comparison and found no differences in the time taken to complete the survey between 
the respondents who retained their initial choices compared to those who revised them.

 12Using chi- squared tests, we observed that the group of consistent individuals differs statistically, relative to the inconsistent 
group, in the frequency of organic food consumption and in the stated motivation. Inconsistent individuals declared that the main 
reason for organic food consumption is related to protecting the environment.
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Finally, we investigated if the effects of the ex- post treatment were more pronounced for 
the ASC associated with the status quo option than for the other parameters. As pointed 
out by an anonymous reviewer, SB might manifest itself through non- demand revealing 
choices of the status quo option, which in our models would be indicated by significant and 
positive parameters of the ASC. A comparison of estimates of the ASC in Table 2 (ex- ante) 
and Appendix D, online (ex- post) shows that values of the ASC are significant and positive, 
yet significantly smaller in magnitude for ex- post data. This might at first glance be inter-
preted as evidence of SB reduction through ex- post treatment. However, because models in 
Table 2 and Appendix D are estimated in WTP- space, the magnitude of the ASC parame-
ters may indicate a difference in propensity to choose the status quo, a difference in sensi-
tivity to cost- scale parameter, or a difference in both. To shed light on this, we estimated an 
additional preference- space model, which allows for separating the effects for means of the 
ASC, individual attributes and the cost parameter. To be able to compare coefficients be-
tween different models estimated in preference- space we combined ex- ante and ex- post 
treated data, essentially doubling the observations while dropping the inconsistent obser-
vations in the doubled part of the new dataset.13

The results of the model presented in Table 4 show that the effect of ex- post treatment is only 
observed for the cost parameter— the interactions are not significant for any of the other attri-
bute means, including the ASC. This means that the mean WTP differences between untreated 
and ex- post treated coefficients were caused by the differences in respondents’ sensitivity to 
cost and are thus not related to differences in SB related to status quo choice. As an aside, the 
results shown in Table 4 also suggest that differences in WTP for non- monetary attributes are 
also due to differences in estimated sensitivity to cost rather than preferences for programme 
attributes.

5 |  DISCUSSION A N D CONCLUSIONS

The hypothetical nature of DCE lies at the heart of the controversies about the reliability and 
validity of WTP estimates for non- market goods. This has given rise to methods aimed at 
testing and reducing hypothetical bias (HB). The results of our study add to this literature by 
observing that HB has significant implications for WTP estimates and demonstrating the ef-
fects of two methods to detect and reduce it.

The use of cheap talk scripts (CTSs) as an ex- ante tool to reduce HB has had a limited 
effect on WTP estimates for the environmental goods valued in this study. This was ob-
served despite having displayed the CTSs for 30 s on the respondents’ screen without the 
option to proceed and despite the fact that the CTSs were augmented with a single opt- out 
reminder. There may be several reasons for this result. First, the CTS effect may have lost 
effectiveness as respondents progressed through a series of choice tasks, as Ladenburg and 
Olsen (2014) suggested. When moving beyond the first choice tasks, respondents’ attention 
to the message of the CTSs may have faded, especially considering the implicit difficulty 
of the choice tasks due to both unfamiliarity with the public goods and with answering to 
choice tasks. This finding can be interpreted as if CTSs have not affected the payment con-
sequentiality of the survey, which in turn did not affect choices. The online format of the 
survey may also contribute to this result. As observed by Penn and Hu (2019), CTSs tend 

 13The effect of the treatment in our model is identified by the interactions of dummy- coded ‘ex- post treatment’ with the mean of 
the preference distribution of each attribute. We do this, while accounting for the possible scale parameter differences between 
untreated and ex- post treated data; note that the identification of the scale parameter is based on the variations of random 
parameter distributions around the means and the correlations, and that the estimated scale parameter controls for the possible 
scale- driven differences in the means of parameters.
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to be relatively ineffective for internet- based surveys compared to mail surveys. Second, it 
may be that the use of a budget reminder was sufficient to make respondents consider sub-
stitutes to the proposed changes and their budget constraints, so that the CTSs did not add 
any additional prompt regarding the careful consideration of the use of their budget. Third, 
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 online settings. Defining the cost vector levels is still a pending issue in the 
DCE literature, especially considering its importance for deriving WTP estimates (Glenk 
et al., 2019).

TA B L E  4  The results of the MXL model in preference- space (combined untreated and treated data)

Means
Interaction– Price cutoff 
limit (0%)

Standard 
deviations

Status quo (alternative specific constant) 1.6170***
(0.2585)

0.2618
(0.3669)

4.2809***
(0.3087)

Tackling climate change— medium (vs. low) 1.2666***
(0.1342)

0.0753
(0.1784)

1.1258***
(0.1720)

Tackling climate change— high (vs. low) 1.5574***
(0.1521)

0.0297
(0.1984)

1.3041***
(0.1962)

Biodiversity— medium (vs. low) 1.2911***
(0.1477)

0.0664
(0.1906)

0.8473***
(0.1916)

Biodiversity— high (vs. low) 1.5029***
(0.1471)

0.0494
(0.1896)

1.4221***
(0.2050)

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

1.4218***
(0.1351)

0.0996
(0.1884)

1.5307***
(0.2042)

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

2.0932***
(0.1636)

0.1497
(0.2141)

1.9004***
(0.2160)

Soil erosion— moderate (vs. high) 0.5104***
(0.1397)

−0.0699
(0.1888)

1.2513***
(0.2231)

Soil erosion— low (vs. high) 0.8143***
(0.1295)

−0.2223
(0.1810)

1.3389***
(0.1824)

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

1.1816***
(0.1306)

0.0215
(0.1834)

1.2186***
(0.2110)

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

1.9848***
(0.1876)

−0.0793
(0.2472)

2.8675***
(0.7082)

Cost (10 EUR/year) 0.2510***
(0.0758)

0.5656***
(0.1077)

1.3535***
(0.0934)

Model diagnostics

LL at convergence −5824.00

LL at constant(s) only −8555.41

McFadden's pseudo- R² 0.3193

Ben- Akiva- Lerman's pseudo- R² 0.5047

AIC/n 1.4908

BIC/n 1.5804

n (observations) 7950

r (respondents) 1325

k (parameters) 102

Notes: *, **, *** indicate statistical significance (with respect to 0) at the 0.1, 0.05 and 0.01 level, respectively. Standard errors 
provided in parentheses.
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The CTS related to the scale of the project (T3) also proved to be relatively ineffective. This 
is remarkable given that respondents passed an internal scope test (i.e., WTP was found to 
be equal or higher for greater benefits in all attributes). However, as Rolfe and Wang (2011) 
pointed out, a project's scale and scope are typically intertwined aspects that respondents 
often struggle to separate. The ineffectiveness of a CTS related to project scale while internal 
scope is demonstrated may be attributed to respondents expressing relative values that result 
in internally consistent choices that may, however, 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 also be present for locally iconic crops such as olives (Granado- Díaz 
et al., 2020). Respondents may attach higher values to goods provided within nearer proxim-
ity (local goods) than those provided further away, especially for environmental goods that 
may inspire a sense of identification in people (Faccioli et al., 2020). Thus, independent of 
its scale (extent of provision), a good that elicits an emotional response may be highly valued 
(LaRiviere et al., 2014). Alternatively, respondents may simply be insensitive to the project 
scale, as other authors have previously observed (Rolfe and Windle, 2003).

Joint presentation of the reminders (T4) also proved ineffective. Therefore, using multiple 
CTSs may simply add complexity to the survey without providing additional benefits. This 
outcome is in line with Varela et al. (2014), who found that the use of multiple ex- ante mit-
igation strategies does not impact WTP estimates. However, it contrasts with results from 
other studies that found that the use of multiple ex- ante mitigation strategies can reduce HB 
(Jacquemet et al., 2013; Ladenburg and Olsen, 2014). All of these studies tested 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, and Jacquemet 
et al. (2013) combined CTS and a solemn oath. In our study, we employed two different CTSs 
and a single opt- out reminder. In summary, the effect of CTS seems to depend on the way it is 
designed for each specific condition.

Approaches that revise respondents’ choices after the choice task (ex- post) appear better 
positioned to reduce HB. Estimates of WTP decrease, on average, by 43% in the case of the 
MXL model and 33% in the LML model. This effect is statistically significant. It illustrates the 
quantitative importance of HB in the estimated WTP values. The adaption of mitigation mea-
sures to reduce HB can reduce the potential for inefficient allocation of resources in the design 
of public policies of non- marketed goods. Thus far, ex- post approaches to mitigate HB are far 
less widespread than ex- ante approaches. The results of this study clearly reveal that research 
on ex- post mitigation instruments, at least in public good contexts, deserves greater attention. 
As a desirable feature of the ex- post mitigation instrument applied here, we demonstrate that 
it is effective through affecting cost sensitivity of respondents in the absence of statistically 
significant effects on the tendency to choose the status quo (ASC) and non- monetary attribute 
preferences.

The results also raise the question of why the ex- post mitigation measure used outperformed 
ex- ante mitigation measures, a result that has been observed in previous research (Champ 
et al., 2009; Morrison and Brown, 2009). In our opinion, there are several reasons for this. 
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 
CTSs should be accompanied by questions that allow the analyst to appreciate respondents’ 
understanding of CTSs. This assessment would, however, increase the length of the question-
naire and represent a challenge for future research on how to reliably gather this information.

Second, participating in a choice experiment is an unfamiliar task for most respondents 
and involves the realisation of many trade- offs, often regarding an unfamiliar good, which 
may easily induce errors. Here, it is important to consider that respondents are often facing 
a DCE for the first time and, thus, it is more difficult for them to fully comprehend informa-
tion about something they have not yet experienced. Therefore, information provided through 
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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 allow-
ing them to scrutinise their initial choices and identify situations in which they exceeded their 
maximum WTP. This is an advantage, because it better positions respondents to notice possi-
ble issues that may have arisen while completing the choice tasks. Longo et al. (2015) made sim-
ilar observations; they noted that when respondents are given the opportunity to revise their 
WTP answers, sequence effects in contingent valuation are mitigated. They concluded that the 
revision of answers allowed respondents to express more informed choices. Respondents may 
regret their initial choices after they have fully understood the contingent market and after 
they have had some time to think about the questions, to compare all the programmes, and 
to assess the outcome of their choices with regard to their disposable income. In this sense, 
ex- post mechanisms mimic a supermarket checkout queue where shoppers may think more 
carefully about the goods in their cart; that is, whether they want to keep all products, change 
some, or purchase additional ones.

Third, while the ex- ante approach only has an indirect relationship to the stated WTP value, 
ex- post instruments may directly affect the stated WTP. In this sense, ex- ante approaches can 
be considered as ‘soft’ instruments for controlling HB, in contrast to the ‘hard’ ex- post mech-
anisms. Given that HB is linked to WTP, methods that interact directly with the sources of 
HB are more likely to influence (reduce) it. The specific ex- post mechanism employed in our 
study allows respondents to revise their choices if WTP is possibly overstated. Several intrinsic 
or extrinsic motivations may guide their revisions, such as moral commitments, morality and 
fairness (Hollander- Blumoff, 2011). This is in line with the dissonance minimisation approach 
that Morrison and Brown (2009) observed, in which respondents overstated their WTP due to 
the desire to express support for the good or to nurture a generous self- image. It is also in line 
with Johansson- Stenman and Svedsäter’s (2012) theory with respect to the connection between 
the magnitude of HB and the moral implications of the good.

Ex- post analysis is also an instrument analysts can use to determine the quality of respon-
dents’ choices. By obtaining information about respondents’ ‘understanding and confidence’ 
regarding their choices, the analyst can apply different analytical and methodological tools 
to correct, weight or even exclude unreliable responses. However, this approach is not free of 
criticism, given the lack of a theoretical foundation to guide analysts in the selection of the 
threshold to be used in the calibration function. When measuring respondents’ certainty on 
a 0– 10 scale, Champ et al. (1997) and Blumenschein et al. (2001) observed that HB was elim-
inated when WTP estimation only included those respondents with a score of 10, whereas 
Norwood (2005) and Poe et al. (2002) found that scores of 8 and 7, respectively, were the pre-
ferred values. Thus, the threshold differs between studies, and threshold selection is somewhat 
arbitrary (Morrison and Brown, 2009). Additionally, the different ways in which certainty 
can be measured may also have a bearing on outcomes (Beck et al., 2013). In this respect, the 
approach that this study follows is free from any requirement to calibrate WTP using respon-
dents’ certainty. Instead, it relies on respondents’ decisions about whether to reduce their WTP 
if their initial choices were found to be inconsistent.

The ex- post procedure used in this study also allows the analyst to shed light on the likely 
causes of the original choice inconsistencies. Through the ex- post mechanism, we were able 
to differentiate those respondents who unconsciously chose alternatives with higher as-
sociated prices relative to their maximum stated WTP (choices assumed to be related to 
HB) from those who intentionally confirmed inconsistent choices, probably to influence 
the study's policy outcomes (choices assumed to be related to strategic bias [SB]), as well 
as from those respondents who made choices that, for any other reason, should not be con-
sidered meaningful. We observed that both types of respondents were present in our study, 
which confirms the existence of both HB and SB. Both biases impact the estimated WTP 
and are intertwined. However, whilst HB has a significant effect on mean WTP, the impact 
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of SB was significant only if a ‘hard’ criterion was assumed that considers all respondents 
who violated their stated maximum WTP in the choice tasks to behave strategically. There 
are arguments for using a ‘soft’ cutoff approach, which considers that respondents behave 
strategically if they violate their stated cutoffs according to a threshold defined by the ana-
lyst. First, the good under study was unfamiliar to the respondents, while the mechanisms 
and efficacy of the policies on the attributes being considered are also unspecified. Thus, a 
certain degree of uncertainty in the stated WTP can be expected, especially given the short 
time within and the conditions under which the data are collected. Second, individuals de-
rive utility from supporting public causes and may be willing to violate the price attribute 
as one of many attributes on the choice card if the remaining attributes in an alternative 
are evaluated favourably. Third, the payment card format may have disclosed a maximum 
stated WTP value that is lower than their actual WTP, with the effect of increasing the in-
cidence of inconsistent choices.

Our study is one of the first applications of the LML model and thus makes a contribution 
to econometric advances in the SP literature. We find that allowing for more flexible model 
distributions than the standard MXL model does not change the general conclusions. Despite 
differences in WTP estimates derived from the two model types (which are not statistically 
significant overall), we note that LML- based estimates are associated with lower estimated 
standard errors than their MXL counterparts. At the same time, our experience with the new 
model calls for caution. Despite the relatively quick estimation of a single model run, the model 
had to be estimated multiple times to investigate its stability and ensure correct specification 
and convergence. In addition, the LML- based estimation requires several arbitrary assump-
tions that we have found to influence the results. These limitations and the critical influence 
of arbitrary decisions in the estimation process deserve future research before the LML model 
can become a state of practice for discrete choice models.

We acknowledge several limitations of our study. First, the absence of follow- up ques-
tions on consequentiality limits our understanding of how respondents perceived the survey. 
Despite efforts to inform the respondents that the study's results will be used to tailor fu-
ture agri- environmental policies and that respondents’ opinions matter for the development 
of these policies, we cannot be certain that all individuals understood and/or believed this 
information. Although the experiment was carried out by the regional government's agrarian 
research institute, which is known to be the body that advises governments about agricultural 
taxes and subsidies, 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 con-
sequentiality with respect to payment and policy has been perceived (Needham and Hanley, 
2020; Zawojska et al., 2019).

Second, we employed elicitation formats that were not incentive compatible. Using more 
than two alternatives has been observed to provide lower welfare estimates relative to having 
only one alternative plus the status quo (Weng et al., 2021). Further, the use of payment cards 
to elicit the price cutoff may have provided a lower estimate of WTP. Vossler and Holloway 
(2018) found that WTP using a payment card mechanism was significantly lower than the WTP 
derived from a theory- driven single binary choice experiment. Future research should test 
the impact of the proposed ex- post mitigation strategy in the context of different elicitation 
formats, comparing the performance under formats that are incentive compatible and under 
those that are not. This would inform the analyst whether the bias resulting from using statis-
tically more efficient choice designs outweighs the bias resulting from theoretically incentive- 
incompatible designs. Third, we did not enquire about the reasons respondents decided to 
retain their initial choices in the revision process. Asking participants about strategic voting 
(or attitudes correlated with such behaviour) may be very informative for the interpretation of 
results, thus clarifying the underlying causes of choice inconsistency and helping analysts in 
the ex- post treatment of data.
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To conclude, we affirm that HB may significantly affect WTP estimates for unfamiliar 
goods. Ex- ante and ex- post mitigation strategies have been of varying effectiveness in the SP 
literature. Irrespective of the approach used to reduce HB, 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, it is necessary to develop a common understanding of ex- post 
instruments across respondents in order to facilitate more rigorous tests of their effectiveness 
based on theoretical expectations.
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