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methodological issues have been addressed in the development of DCEs
in the field of environmental valuation, including optimal experimental
design, econometric models, attribute non-attendance, and so forth.
However, the issue of endogeneity and how to deal with it has received
little attention (Hoyos, 2010). This apparent non-interest is especially
surprising when most authors agree that endogeneity has the potential
to distort inferences about preferences and the policy recommendations
that could be derived from the analysis of the choice data (Louviere
et al, 2005).

Endogeneity refers to the existence of correlation between the de-
terministic part and the error term of a regression or choice model. In
the presence of endogeneity, parameter estimates are inconsistent
thus invalidating any inference obtained from the model. Although
this issue may be unavoidable in many practical cases, the severe conse-
quences that the existence of endogeneity may cause, requires special
attention to investigate how to deal with it in the field of DCEs for envi-
ronmental valuation. The main source of endogeneity in environmental
valuation may be found in the omission of contextual conditions in the
choice situations, either due to the impossibility of the researcher to
measure omitted attributes in the choice tasks, or to extract the exact
measure that was inferred by the respondents when making their
choices. For instance, we may find endogeneity when modelling envi-
ronmental decisions due to the omission of latent environmental atti-
tudes. When selecting an alternative, the decision maker may take
into consideration his/her pro-environmental beliefs or attitudes. As a
result, if endogeneity is not properly addressed, the estimated coeffi-
cients will likely be biased.

Dealing with endogeneity in classical regression models is well
established in the econometric literature (see e.g. Bun and Harrison,
2014; Wooldridge, 2010). However, many aspects of how to deal with
this problem in the framework of non-linear models, like discrete choice
models, are still under development and have received scarce attention
in areas such as transportation and environmental economics. The con-
trol function (CF) method has been found to properly address
endogeneity in discrete choice models when this problem arises at the
alternative level (Guevara and Ben-Akiva, 2006; Guevara, 2015; Petrin
and Train, 2010). As with the case of linear models, one critical step
when applying the CF method in discrete choice models is finding a
valid instrument for each endogenous variable. A proper instrument
needs to be correlated with the endogenous variable but, at the same
time, uncorrelated with the error term. In practice, finding a valid in-
strument is sometimes problematic, thus motivating the search for al-
ternative methods such as the multiple indicator solution (MIS).

The MIS procedure was originally proposed in the late 1960s by
Blalock Jr. and Costner (1969), and Costner (1969), for sociological
models. More recently, Wooldridge (2010) formalised the method for
linear models, and Guevara and Polanco (2016) adapted it for DCEs.
The MIS method requires a minimum of two indicators and is applied
in two steps. In the first step, one of the indicators is added to the struc-
tural equation of the model as an additional explanatory endogenous
variable. In the second step, the endogeneity is dealt with using the lat-
ter indicator as an instrumental variable for the former one. While
Wooldridge (2010) uses the two-stage least squares (2SLS) method to
address endogeneity in linear models, the MIS method has been ex-
tended to discrete choice models by using the CF method in the second
stage (Guevara and Polanco, 2016).

In this paper, we present an exploratory analysis of the performance
of the MIS method to deal with endogeneity arising from omitted attri-
butes in a DCE for environmental valuation. To our knowledge, this is
the first application of the MIS method to correct for endogeneity in
the context of discrete-choice models for environmental valuation.
The performance of this method is compared with another treatment
of endogeneity recently used in environmental valuation, namely hy-
brid choice models.

Hybrid choice models allow for the incorporation of latent behav-
ioural constructs within the traditional choice models, and therefore,

they can be seen as a solution for endogeneity caused by the omission
of a relevant variable. Hybrid choice models were first proposed by
McFadden (1986) and Train et al. (1987) and have been increasingly
used in the last decade. Despite some criticism (Chorus and Kroesen,
2014), their applications can be found in transportation (Paulssen
et al., 2014; Bhat et al., 2015; Thorhauge et al., 2015), environment
(Hess and Beharry-Borg, 2012; Hoyos et al., 2015) or health economics
(Klgjgaard and Hess, 2014). We find that the MIS method and the hy-
brid model approach provide similar results in terms of model fit and
parameter interpretation, but MIS is more parsimonious and notably
easier to implement.

The rest of the paper is structured as follows: Section 2 addresses the
methodological issues behind the MIS method to deal with endogeneity
in discrete choice models; Section 3 describes the empirical study in
which this methodology will be tested along with previous results;
Section 4 provides the main results of the paper; and Section 5 finishes
by discussing the main findings of this investigation and suggesting fu-
ture lines of research in the area.

2. Methodology

We depart from a classical structural equation for a choice model
given by the random utility theory, which is used to link the deter-
ministic model with a statistical model of human behaviour. Under
this framework, the utility of alternative i for respondent n is given

1

by':

u?n = X;'nB + qui*n + e?n = X;'nB + 8;;1 = Vin + 8?117
Yin=1 [u 2Ujp; VjEcn],

m=

(1)

where, utility uj, is a latent variable that cannot be observed by the
researcher but, instead, an indicator y;, is observed, which takes
the value one if the utility of alternative i is the largest among
those in the choice set c,, and takes the value zero otherwise. The la-
tent utility that an individual obtains from an alternative depends
linearly, with coefficients 3, on a set of explanatory variables or attri-
butes collected in a row vector x;,, on a latent (omitted) variable g;;,
and on an error term ej,. In the set of explanatory variables x;, we
may find a set of attributes of alternative i for respondent n, the
first element of this vector being a one (for all but one alternative),
accounting for an alternative specific constant. In the case where
the omitted variable gj, is correlated with any variable included in
Xin, there is an endogeneity problem in the model because &}, is cor-
related with v;, in this case.

The CF approach is a common method used in linear regression anal-
ysis that can address endogeneity problems at the level of each alterna-
tive in discrete choice models. However, as with the case of linear
regression, a critical requirement for applying this method is finding
valid instruments for the endogenous variables. An instrument for an
endogenous variable is valid if it is, at the same time, correlated with
the endogenous variable and independent (not only uncorrelated as in
the 2SLS method for linear models) of the error term of the model
(Guevara and Polanco, 2016). The MIS method provides valid instru-
ments that can then be used in the CF approach.

Let us assume that, instead of the latent variable g;,, the researcher
observes two indicators q; and g generated by the following equations:

Qrin = Q10 + Q115 + €gqp, 2)
*k *
Qzin = 020 + O21q5, + €gain,

! For clarification purposes, we denote with an asterisk those variables that are latent in
order to distinguish them from those that are observed by the researcher. Model coeffi-
cients are denoted with Greek letters.
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where,
011#20, 01 %0, 3)

and the following pairs of variables are independent:
(q?n'reslin); (Xime(*]]m)? (q;‘knvet*ﬂin) (Xiﬂve:ﬂin); (eglinvegzin) (4)

Then, if we replace gi, = 1/011(q1in — 010 — €41in) from Eq. (2) in
Eq. (1), the new error term of the model would be &;,, as shown in the
following equation:

. Bq P .
Uiy = XinB+_a1] (%‘n Q0 eqlin) + ey =

BgQtio Bq€qtin e — (5)
a1 a1 "

=XipB + Yq4iin + <_
= XinB +Yq1G1in + gn

This shows that including one of the indicators q;; in the utility
function does not solve the endogeneity problem, but changes the
source of it, as the only endogenous variable in this new model is pre-
cisely qqin, which is correlated with e, because of Eq. (2). However,
as shown also in Eq. (2), q2in is a proper instrument for q;;,, allowing
the correction of endogeneity. Indeed, firstly, ga;, is correlated with
(G1in as both g1, and g2, depend on gj,; and secondly, g2 is independent
of &, because eg;, and ey, are independent error terms according to
assumption (4).

The MIS method for discrete choice models proposed by Guevara
and Polanco (2016) provides consistent estimation of the parameters
of interest, 3 in Eq. (1), following a two-stage procedure. In the first
stage, the residuals 7),;, from the linear regression of the first indicator
¢1in ON the vector of explanatory variables x;, and a second indicator
(in, are obtained:

Qrin = X0+ équbin + Thin- (6)

In the second stage, the CF approach is used in order to estimate the
choice model including the set of explanatory variables x;,, the first in-
dicator ¢y, and the residuals 7),;, of the linear regression estimated in
the first stage (6) in the utility function.

Uy = x;nB + Yq1%in + Vi ﬁ]in + §fn (7)

It is important to bear in mind that the standard errors of the two-
stage procedure cannot be directly obtained from the information ma-
trix. Instead they can be calculated by bootstrapping or using, for exam-
ple, the delta method proposed by Karaca-Mandic and Train (2003).

3. Data

The case study refers to a DCE for an environmental valuation con-
ducted in 2008 in the province of Gipuzkoa, Spain (see Fig. 1). The val-
uation study aimed to analyse the social preferences for different
land-use options in a special protection area known as Garate-Santa
Barbara (GSB). Detailed information about the survey design can be
found in Hoyos et al. (2012).2

The survey asked respondents to choose from different land-use op-
tions characterised by a set of five environmental attributes (see
Table 1): percentage of land area covered by native tree species
(NAT), vineyards (VIN) and exotic tree plantations (FOR), biodiversity
protection - number of endangered species of flora and fauna (BIO),
the level of conservation of recreational and cultural facilities (REC);
and a payment attribute, namely the cost of the conservation program
(COST). Table 1 presents assumed levels of each attribute.

2 A copy of the survey instrument is available from the authors upon request.

A main effects fractional factorial design with second order interac-
tions was used to simplify the construction of choice sets (Louviere
et al., 2000). The final version of the questionnaire included 120 choice
sets (blocked into 20 groups of 6 choice sets); each formed by the status
quo option plus two alternative protection programmes for GSB (pro-
gramme A and programme B). For a better understanding of the
trade-offs between the attributes and alternatives, the choice sets in-
cluded maps and percentage values (see Fig. 2). The proposed payment
vehicle was an annual contribution by all Basque citizens to a founda-
tion exclusively dedicated to protecting the site. The complexity of the
choice task was satisfactorily pre-tested in focus groups and through
pilot surveys.

In addition to the choice data and socioeconomic information, envi-
ronmental attitudinal information was also collected in the survey. Re-
spondents were asked a series of attitudinal questions following the
typical awareness of consequences (AC) psychometric scale. This scale
has been used extensively in environmental psychology as a measure
for the value-belief-norm (VBN) theory (Stern et al., 1993, 1995). This
popular behavioural theory proposes that egoistic (EGO), altruistic
(ALT) and biospheric (BIO) value orientations influence the way in
which individuals formulate and structure environmental beliefs
(Stern, 2000). However, empirical research has uncovered some limita-
tions in measuring AC beliefs, mainly poor dimensionality and theoret-
ically inconsistent subscale correlations (Hansla et al., 2008; Snelgar,
2006). So, following Ryan and Spash (2012), the scale is reinterpreted
as a measure of beliefs supporting environmental action and inaction
(BSEAI scale). Beliefs supporting environmental action can also be di-
vided into beliefs in the positive consequences of environmental protec-
tion and in the seriousness of environmental damages (see Table 2).

Table 2 presents four groups of items classified according to the
BSEAI scale. Groups 1A and 1B represent beliefs supporting environ-
mental action and groups 2A and 2B represent environmental inaction.
The first column shows the label of the original AC classification. Specif-
ically, items prefixed by EGO, ALT, and BIO aim to capture egoistic, altru-
istic, and biospheric value orientations, respectively.

Finally, the survey was administered through in-person computer-
aided individual home interviews. The population considered relevant
was that of the Basque Autonomous Community, comprised of 1.8 mil-
lion people aged at least 18. A stratified random sample of 400 individ-
uals was selected from this population. The strata used included age,
gender and size of the town of residence, following official statistical in-
formation by the Basque Statistics Office (EUSTAT). The questionnaire
was distributed using random survey routes in each of the locations in
the Basque Country. The data analysis involved 221 completed ques-
tionnaires, yielding 1326 observations, as each respondent was given
six choice sets (an example of a choice card can be found in Fig. 2).

4. Results
4.1. Descriptive statistics

Table 3 provides a complete description of the full set of variables
used in the econometric modelling subsection along with their descrip-
tive statistics. The mean age, gender structure and disposable income of
respondents are in line with the average age, gender structure and in-
come composition of the population (40.15 years, 45% and 1029 €, re-
spectively). Apart from the six attributes, native forest, vineyards,
forest plantations, biodiversity, recreation and cost, other explanatory
variables were also considered. These variables were: recreationalist
(taking the value 1 if the respondent was a recreationalist and O other-
wise); gender (taking the value 1 if respondent was a male and 0 other-
wise); number of adults (the number of adults in the family); number of
children (the number of children in the family); education (for
respondent’s level of education with 1 being the lowest and 5 the
highest); and environmental NGO (taking the value 1 if respondent
was a member of an environmentalist organisation and 0 otherwise).
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Fig. 1. Location of Garate-Santa Barbara N2000 site (Basque Country, Southern Europe).

Table 4 shows the response distributions in a 5-point Likert scale for
the answers to the BSEAI scale items. For each statement, values closer
to five would equate to strong agreement while values closer to one
would equate to strong disagreement. As shown in this table, respon-
dents are generally aware of the increasing environmental degradation
of the Earth and are worried about the environment that future gener-
ations will have. For example, 91% of the respondents agreed with
item 1 (EGO 1 - environmental protection will provide a better world
for me and my children) and 87% disagreed with item 6 (ALT3 - we do
not need to worry much about the environment because future genera-
tions will be better able to deal with these problems than us).

Table 1
Attributes and levels considered.
Attribute Level
Native forest (NAT) 2%* 10% 20%  30%
Vineyard (VIN) 40%*  30% 20%  10%
Exotic tree plantations (FOR) 40%* 30% 25%  15%
Biodiversity (BIO) 25* 15 10 5
Recreation (REC) Low* Medium High Very High
Cost of programme (COST) 0€* 5€ 10€  30€ 50€ 100€

(*) Levels with asterisk represent the status quo scenario.

4.2. Model specification

The structural equation for the choice model has a representative
utility, vi, from Eq. (1), specified in our case as a function of the attri-
butes:

Vine = ASC; + By NATinc + B2 VINine + B3FORine + B4BIOine + BsRECine + BCOSTine 8)

,
= Xinel3,

where: NAT, VIN, FOR, BIO, REC and COST are the choice attributes
native forest, vineyards, forest tree plantations, biodiversity, recreation
and cost, respectively. Subscript t is added to denote a sequence of
choice task typically included in a DCE with a panel data structure. For
example, the variable NAT;, represents the value of the native forest at-
tribute corresponding to the level for alternative i in a given choice sit-
uation t for respondent n. The remaining attributes are coded
according to the levels described in Table 2. Next, we present five differ-
ent discrete choice models, starting with the simplest multinomial logit
(MNL) model specification (model 1) and then moving to more flexible
specifications allowing for preference heterogeneity and the incorpora-
tion of attitudinal information under a latent class model (LCM) frame-
work (models 2 to 5).

LCMs are very commonly used econometric approaches to model
unobserved heterogeneity of preferences. Therefore, the following
models (models 2, 3,4 and 5) are latent class models aimed at capturing
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Ifin order to get the levels of protection that appear in this card, you had to
pay a certain amount of money, what option would you prefer? .

NATIVE FOREST - % of land
covered by cork oak woodland

VINEYARDS - % .of land covered
by vineyards |

EXOTIC PLANTATIONS - % of
land area covered by pine forest -

BIODIVERSITY - number of

endangered species of flora and :

fauna : : 25

taeamonavate I
conservation status of walking medium hi h
pathways ' IOW g &

COST - cost of the conservation
programme

| would choose:

O No protectio:n

o) ProgrémmeA fe) FfrogrammeB

Fig. 2. Example of a choice set with different protection alternatives used in the valuation exercise, translated into English.

respondent heterogeneity in a two-class framework. The determination
of the number of classes was achieved using goodness of fit and consis-
tency within behavioural models (Hoyos et al., 2015). As a classical LCM,
model 2 attempts to disentangle the preference heterogeneity by the in-
clusion of socio-demographic characteristics in the class allocation func-
tion. In addition to modelling preference heterogeneity, the remaining
models (models 3, 4 and 5) incorporate into the allocation function sep-
arate socio-demographic variables and also attitudinal information.
Model 3 does it under a hybrid latent class modelling framework,
while model 4 includes attitudinal indicators directly in the class alloca-
tion function without specific treatment which, by definition, creates
endogeneity. Finally, Model 5 deals with endogeneity of the indicator
with the MIS method.

4.2.1. Model 1: Multinomial logit model

The first model specified is a simple MNL model with generic coeffi-
cients for all attributes, with a linear representative utility function as
specified in Eq. (8). As is usually the case, this model is used as a bench-
mark model for the more flexible models that follow.

4.2.2. Model 2: Latent class model (LCM)

Following a latent class model specification (Greene and Hensher,
2003), in model 2 we assume that individuals can be sorted into a set
of C classes (2 classes in this case), each of which is characterised by
unique class-specific utility parameters (3c. Given membership of class

cs, the probability of respondent n’s sequence of choices is given by:

T, exp (ASC i+ ,B’Csxi,,[)
1 ZL] exp (ASCi + B,csxjnt>

Py = Pr(y;t1|cs7xn) = 9

where y, is the sequence of choices over the T, choice occasions for re-
spondent n and ASG; is an alternative specific constant for alternative i
normalised to zero for one of the J alternatives. Eq. (9) is a product of
MNL probabilities. The LCM framework recognises that actual member-
ship of a class is not observed, it is latent. If the probability of member-
ship of a latent class ¢, of respondent n is defined as m, ., the
unconditional probability of a sequence of choices can be derived by
taking the expectation over all C classes, that is:

c T, exp(ASC; + B/Sxint
Po= Pr(yifxn) = > e [ ] 7 ( : - ) .
T ] exp(ASC+ Bl )

(10)

The class allocation probabilities 11, ., are usually modelled using a
logit structure, where the utility of a class is a function of the socio-
demographics of the respondent SD,, and parameters A, in addition to
a constant, Ly, for class c;. Let us consider 7, . the allocation probability
for class c for individual n. Class probabilities are specified assuming the
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Table 2
Beliefs supportive of environmental action and inaction (BSEAI scale).

Item Description

GROUP 1: Beliefs supporting environmental action
Group 1A Beliefs that environmental protection has positive consequences
EGO1 Environmental protection will provide a better world for me and my
children
EGO2 Environmental protection is beneficial to my health
EGO5 A clean environment provides me with better opportunities for recreation
ALT1 Environmental protection benefits everyone
ALT2 Environmental protection will help people have a better quality of life
BIO4 Tropical rain forests are essential for maintaining a healthy planet Earth
Group 1B Beliefs that the environment is being seriously harmed
ALT4 The effects of pollution on public health are worse than we realise
ALT5 Pollution generated here harms people all over the Earth
BIO2  Over the next several decades, thousands of species will become extinct
BIO5 Modern development threatens wildlife
GROUP 2: Beliefs supporting environmental inaction
Group 2A Beliefs that environmental protection has negative consequences
EGO3 Protecting the environment will threaten jobs for people like me
EGO4 Laws to protect the environment limit my choice and personal freedom
Group 2B Beliefs that the environment is not being seriously harmed
ALT3  We do not need to worry much about the environment because future
generations will be better able to deal with these problems than us
BIO1 While some local plants and animals may have been harmed by
environmental degradation, over the whole Earth there has been little

effect
BIO3  Claims that current levels of pollution are changing Earth's climate are
exaggerated
MNL form:
exp (Los + ASDy)
Mo, = (11)

Zsczl exp (Los + AsSDn) 7

where Lip; and A are parameters to be estimated. The sign of these pa-
rameters determines whether increases in their value lead to an in-
creased or decreased probability of a specific class. In our case, the
socio-demographic  variables were dummy variables for
recreationalists, gender, NGO, number of adults and number of children
in the household. See Table 3 for variable definition and summary
statistics.

4.2.3. Model 3: Hybrid latent class model (HLCM)

Previous models were compared with a hybrid latent class model
specification recently proposed by Hoyos et al. (2015). In this case, atti-
tudes are considered to be latent variables and are used in the class al-
location function of a classical LCM. This hybrid modelling framework
describes how attitudes affect choices through class allocation probabil-
ities, and at the same time uses observed choices as feedback for the es-
timation of the latent attitudinal variables. The aim of this approach is to
adequately capture individual taste heterogeneity through attitudinal
indicators. Some of the heterogeneity may be related to the socio-
demographic characteristics of respondents but non-observed attitudes

Table 3
Summary of statistics and socioeconomic variables.

Variable Description Mean Std. Dev. Min Max
NAT Native forest attribute 14.13 10.87 2 30
VIN Vineyard attribute 26.79 11.46 10 40
FOR Forest attribute 28.90 9.39 15 40
BIO Biodiversity attribute 15.02 7.8 5 25
REC Recreation attribute —0.34 231 -3 3
COST Cost 26.22 3391 0 100
MALE Gender (1 if male) 047 0.5 0 1
ADULT Number of adults 2.56 0.92 1 5
CHILD Number of children 0.31 0.66 0 4
EDUC Education 2.73 1.16 1 5
NGO Environmental NGO 0.03 0.16 0 1
RECR Recreationalist 0.50 0.5 0 1

Table 4

Responses to the environmental attitudinal questions.
Item 1 2 3 4 5
Group 1A Beliefs that environmental protection has positive consequences
EGO1 0.45% 0.45% 7.69% 28.96% 62.44%
EGO2 0.90% 0.90% 7.24% 26.24% 64.71%
EGO5 0.45% 2.26% 9.05% 32.13% 56.11%
ALT1 0.00% 1.81% 5.43% 28.51% 64.25%
ALT2 0.45% 2.71% 9.50% 28.05% 59.28%
BIO4 1.36% 2.26% 12.67% 29.86% 53.85%
Group 1B Beliefs that the environment is being seriously harmed
ALT4 1.36% 4.52% 15.84% 33.94% 44.34%
ALT5 4.52% 7.69% 20.81% 35.75% 31.22%
BIO2 4.98% 3.17% 15.38% 33.94% 42.53%
BIO5 3.17% 1.81% 14.48% 36.20% 44.34%

Group 2A Beliefs that environmental protection has negative consequences

EGO3 56.56% 14.93% 11.76% 10.86% 5.88%
EGO4 46.61% 28.05% 16.29% 7.69% 1.36%
Group 2B Beliefs that the environment is not being seriously harmed

ALT3 62.90% 23.98% 7.24% 4.07% 1.81%
BIO1 35.75% 32.13% 18.10% 11.31% 2.71%
BIO3 35.29% 23.08% 22.62% 14.03% 4.98%

Note: Awareness of consequences scale attitudinal indicators (EGO1-EGO5, ALT1-ALT5
and BIO1-BIO5) were framed in a 5 point Likert scale, with 1 indicating total disagreement
and 5 total agreement.

may in fact be the main cause of heterogeneity (Small et al., 2005, 2006).
In line with Hess and Beharry-Borg (2012) and Daly et al. (2012), both
the repeated choice nature of the data and the ordinal nature of the at-
titudinal indicators are taken into account.

So, the structural equation for the choice model was the same one as
described in Eq. (8). In addition, the structural equation for the g-th la-
tent variable model is given by the following formula:

LVSn = Yq,EusEUSH + ’Yq,RechECRn + yq,MuleMALE" + ’YquultADULTTl
Jr’yq.ChildCHILDn + yq,EducEDUCn + Yq,NGONGO” + Wqn

(12)

where @y is a random disturbance, which is assumed to be normally dis-
tributed with a zero mean and standard deviation 0. Following the psy-
chological framework proposed by Ryan and Spash (2012), two latent
variables were defined: the first latent variable, LV7, aimed to capture
beliefs supporting environmental action; and the second latent variable,
LV5, aimed to capture beliefs supporting environmental inaction.

Both latent variables, LV; and LV5, were linked to the remaining part
of the model through class allocation probabilities. They are, therefore,
respondent-specific and a function of the latent variable:

exp (HOS + :ulsLV*l(n + uZSLVETI + )\;SD")
Soei1 eXp(tgg + HysLV3, + tgsLV3, + NiSDy)

(13)

M, =

where Lo, L5, Lbs, and As are parameters to be estimated. The sign of pt
parameters determines whether increases in the value of the latent var-
iable lead to an increased or decreased probability of a specific class al-
location function, while A parameters determine the influence of certain
socio-demographic characteristics of respondents on the class alloca-
tion function. In our case, these socio-demographic variables were
dummy variables for recreationalists, gender, NGO, education, number
of adults and number of children in the household.

Finally, measurement equations use the values of the attitudinal in-
dicators as dependent variables, and explain their values with the help
of the latent variables. The " indicator (of total L, indicators) for re-
spondent n is therefore defined as

laon = m(LVgu: &4 ) + Van, (14)

where the indicator I, is a function of latent variable LV; and a vector of
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parameter ;. The specification of v, determines the behaviour of the
measurement model and depends on the nature of the indicator. In
our case the first latent variable LVj,represents groups 1A and 1B from
Table 2 and captures therefore, the beliefs supporting environmental ac-
tion. Its indicators are items from groups 1A and 1B as defined in Table 2.
Similarly, the second latent variable LV5,, represents groups 2A and 2B
from Table 2, corresponding to the beliefs supporting environmental in-
action and using the indicators corresponding to groups 2A and 2B.

4.2.4. Model 4: Latent class with direct inclusion of indicators in allocation
probabilities (LCM IND)

Departing from model 3, model 4 tries to mimic the hybrid model by
direct incorporation of two indicators in the allocation function so that it
resembles eq. (13) and is defined as:

exp (tos + Y1sIND11n + V25IND21n + A;SDy)
Zgzl exp( €xp (:uOS + YISINDlln + ‘YZSINDZM + )\;SD"))

nn,cs = (1 5)

It is important to note that responses to attitudinal questions (indi-
cators) cannot be directly included in the class allocation function of a
LCM without specific treatment, for the same reason that a new source
of endogeneity was shown to emerge in Eq. (5). This is due to the fact
that expression (15) is a multinomial logit formula corresponding to a
model with alternative specific coefficients (in this case classes are al-
ternatives) that is based on a latent variable similar to Eq. (1). The
only difference is that in Eq. (1) we have information of explanatory var-
iables on alternative level and generic coefficients, but in a utility equa-
tion underlying the allocation function we have information only on the
individual level. That is why the coefficients A, 7y1s and 7y, are class spe-
cific. If the indicators IND; 1, and IND;,, are generated by a similar pro-
cess to Eq. (14), they are by definition endogenous and likely to be
correlated with the error of the underlying utility equation for the allo-
cation function. The main purpose of this model is to precisely investi-
gate the impact of this theoretically incorrect approach of
incorporating attitudinal data in a discrete choice model at the individ-
ual level.

As the main goal is to compare different ways of including underly-
ing environmental beliefs into a choice model, we define the allocation
function as close as possible to the hybrid approach. That is why we in-
clude two indicators into Eq. (15) to mimic the allocation function (13).
As in the previous case, the first indicator in Eq. (15) represents beliefs
supporting environmental action resembling the first latent variable
LV1, and similarly the second indicator represents the beliefs of environ-
mental inaction resembling the second latent variable LV5,,. The differ-
ence between the two approaches is that the latent variables in the
hybrid framework are dependent variables in another structural
Eq. (12) and, at the same time, explanatory variables in measurement
Eq. (14), which makes the whole model very complex. The direct inclu-
sion of indicators of the allocation function, as done in Eq. (15), sim-
plifies the model considerably but it suffers from an endogeneity
problem as explained above. The question is how big this bias is in esti-
mated coefficients and welfare measures. Thus, as explained above,
model 4 aims to analyse the effect of untreated endogeneity both in es-
timated coefficients and welfare estimates.

4.2.5. Model 5: Latent class with MIS correction in allocation probabilities
(LCM MIS)

The aim of model 5 is to include the responses of the attitudinal
questions in the class allocation function and treat their possible
endogeneity by the MIS approach described in Section 2. As mentioned
before in model 4, the first indicators IND;1,, and IND,, represent the
beliefs supporting environmental action and inaction, respectively. Ac-
cording to Section 2, in our case, two latent variables, denoted g, in
Eq. (1), are included into the underlying utility equation for the alloca-
tion function. That is why two indicators for each latent variable are

needed in order to apply the MIS correction. Let us assume that there
are two pairs of indicators INDy1y, IND12, and IND,1,,, IND;,, for the
first and second latent variables, respectively. Then, according to
Eq. (6), the two auxiliary regressions for the two latent variables
would be:

IND;1, = 010 + énSDn + 012IND15, +Thn

R R ! (16)
INDy1n = 630 + 0555Dn + 622INDop + Ty,

Then, according to Eq. (13) the corrected allocation function of
model 5 is defined as:

exp (lv‘()s + Y1sIND11n + i, Thy + YasINDain + Vi, Tlon + )\QSDH)
521 exp( exp(igs +Y1sIND11n + ¥, ln + ¥asIND21n + Vi, Tan + NeSDn ) )
17)

nn.cg =

4.3. Selection of indicators

Given the importance that the selection of indicators has in the MIS
procedure, in this section we propose a specific procedure to choose
these indicators based on the theoretical foundations and results of a
multivariate analysis applied on the responses to the attitudinal ques-
tions. As a first step, an exploratory factor analysis was conducted on
the responses to the attitudinal questions presented in Table 2. The ex-
ploratory factor analysis employed principal axis factor analysis. There
are two latent variables in model 3 (HLCM), model 4 (LCM IND), and
model 5 (LCM MIS). The first latent variable represents groups 1A and
1B and the second latent variable represents groups 2A and 2B from
Table 2. It is expected that these latent variables are linked to the two
groups of variables representing the beliefs supporting environmental
action (1A and 1B) and inaction (2A and 2B) as classified according to
the BSEAI scale.

As shown in Table 5, almost 40% of the variance is represented by the
first two factors. Fig. 3 presents the projection of all variables in the
plane defined by the first two factors. This clearly shows the first big
group (orientated to the right hand part of the graph) of variables be-
longing to groups 1A and 1B conforming the set of beliefs supporting
environmental action and, the second, smaller group (orientated to
the left hand upper corner) of variables from groups 2A and 2B,
representing the set of beliefs supporting environmental inaction.

As explained before, the MIS method requires two indicators to ad-
dress the endogeneity coming from each omitted factor. Each first indi-
cator is used as an explanatory variable in the allocation function, and
each second indicator is used as explanatory variable in the respective
auxiliary regression (6).

We therefore propose that the choice of the two indicators for each
latent variable to be made both on the theoretical definition of the BSEAI
scale and the results of the exploratory factor analysis. The specific
choice is, therefore, based on the factor loadings presented on the
right hand side part of Table 5. The highest factor loadings of first factor
correspond to the variables ALT2 and EGO2 and these at the same time
belong to the first group of the BSEAI scale corresponding to the envi-
ronmental action. Similarly, highest factor loadings of second factor cor-
respond to the variables EGO3 and BIO3 and these at the same time
belong to the second group of the BSEAI scale, that of environmental in-
action. That is why these two pairs of variables are chosen to be indica-
tors of the first and second latent variable, respectively, corresponding
to IND11p,, IND12,, and IND3y,, INDo5, in EqS (16)

4.4, Estimation results
Results of the MNL (model 1), LCM (model 2) and HLCM (model

3) are replicated from Hoyos et al. (2015), and that is why they are in-
cluded in the Appendix A (Table A1). Using these results as a starting
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Table 5

Results of the principal axis factor analysis.
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Eigenvalues and percentages

Factor loadings

Factor Eigenvalue % of variance Cumulative % Variable Factor 1 Factor 2 Factor 3 Factor 4 Group
Factor 1 4.56 30.39 30.39 BIO2 0.31 —0.11 —0.28 0.23 1A
Factor 2 137 9.15 39.54 EGO1 0.64 —0.08 0.23 0.04 1A
Factor 3 1.16 7.73 47.27 ALT4 0.64 0.12 —0.01 0.26 1A
Factor 4 1.08 717 54.44 ALT2 0.78 0.04 0.05 0.12 1A
Factor 5 1.01 6.73 61.17 EGO2 0.76 0.05 —0.02 0.20 1A
Factor 6 0.87 5.79 66.96 ALT3 —0.37 0.43 0.33 —0.10 1A
Factor 7 0.75 5.03 71.98 EGO4 —0.18 0.22 0.72 —0.01 1B
Factor 8 0.71 4.70 76.68 EGO5 0.67 0.22 0.08 0.19 1B
Factor 9 0.66 4.40 81.08 BIO1 —0.50 0.34 0.13 0.49 1B
Factor 10 0.59 3.96 85.04 ALT5 0.52 0.23 0.16 —0.12 1B
Factor 11 0.59 3.92 88.96 BIO3 —0.36 0.56 —0.34 0.40 2A
Factor 12 0.50 332 92.29 BIO4 0.50 0.29 0.07 —0.49 2A
Factor 13 0.46 3.10 95.38 ALT1 0.75 0.20 0.08 0.14 2B
Factor 14 0.37 2.48 97.86 EGO3 —0.42 0.55 —0.17 —0.21 2B
Factor 15 0.32 2.14 100.00 BIOS5 0.44 0.38 —0.43 —0.37 2B

point allows for direct comparison to the results obtained in the new
models proposed in this paper (model 4 and model 5). The two classes
obtained in the LCM and the HLCM can be characterised as follows. The
respondent utility in class 1 increases if the surface area covered by na-
tive forest increases and if the number of endangered species decreases.
The cost sensitivity is lower (in absolute value) than in class 2 and,
moreover, the significant negative coefficient for ASC1 suggests that,
all else being equal, respondents in this class tend to move away from
the status quo (i.e. they prefer to implement a protection programme).
That indicates that class 1 corresponds to individuals with environmen-
tal concerns and are willing to pay to protect native forest and endan-
gered species (individuals supporting environmental action). In class 2
the cost sensitivity is much higher than in class 1 and only the coeffi-
cient accompanying the forest attribute is significant apart from the
cost attribute. Individuals in this class prefer more surfaces covered by
forest tree plantations, indicating their business focussed orientation

regarding the studied area, together with higher price sensitivity lead-
ing to a lower willingness to pay (individuals supporting environmental
inaction).

The key elements of the models presented in Hoyos et al. (2015) and
in this paper are, however, the allocation functions (11), (13), (15) and
(17). That is, the goal is how the allocation functions can incorporate
some latent attitudes. The allocation function of the LCM (model 2) in
Table A1 does not include any latent behaviour and presents only two
significant socio-demographic variables, showing that recreationalists
have a lower probability of belonging to class 2. The number of adults
in the household, on the other hand, increases the probability of being
in this class.

The allocation function of the HLCM (model 3) in Table A1 does not
present any significant socio-demographic variables because their influ-
ence is represented by the latent variables and their corresponding co-
efficients. As explained in Hoyos et al. (2015) the first latent variable

Dim 2 (9.15%)

-1.0 -0.5

0.0 05 1.0

Dim 1(30.39%)

Fig. 3. Variables factor map (principal component analysis).
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Table 6

Estimations of LCMs with direct inclusion of indicators in the allocation function without (LCM IND) and with correction of endogeneity (LCM MIS).

LCM IND (model 4)

LCM MIS (model 5)

Variable Est. p-value Est. p-value

Class 1

ASCy —1.585 <0.01 o —1.590 <0.01 o

ASC, 0.083 0.27 0.083 0.27

Brar 0.052 <0.01 o 0.052 0.00 .

Buin 0.007 0.19 0.007 0.19

Bror —0.011 0.10 —0.011 0.10

Bsio —0.054 <0.01 o —0.054 <0.01 o

Brec 0.033 0.21 0.033 0.20

Bcost —0.017 <0.01 e —0.017 <0.01 o

Class 2

ASC —1.091 0.32 —1.084 0.32

ASC, 0.519 0.11 0.521 0.10 *

Brar 0.023 0.26 0.024 0.24

Buin 0.018 0.36 0.017 0.36

Bror 0.068 0.01 - 0.068 0.01 -

Bsio 0.018 0.63 0.019 0.62

Brec —0.118 0.24 —0.118 0.24

Bcosr —0.095 0.00 . —0.094 0.00 e

Class allocation

Ho2 0.656 0.61 —2.824 0.13

Y12 —0.707 <0.01 o —0.599 0.05 -

Ya2 0.109 0.47 1.340 0.01 o

i, —0.122 0.77

Vi —1.291 0.01
nZ

12, Recr —0.595 0.10 —0.776 0.04 -

22, Male 0.236 0.51 0.089 0.81

A32, Adult 0.282 0.14 0.202 0.31

a2, child 0.179 0.53 0.448 0.15

Ns2, Educ 0.077 0.63 0.221 0.18

N62, NGO 0.173 0.88 0.572 0.63

N 1326 1326

K 25 27

InL —895.86 —893.38

AIC 1841.72 1840.77

BIC 2151.22 2175.02

% * denote significance at the 1%, 5%, and 10% level respectively.

(pro-action) is smaller for males and higher for recreationalists and
families with children. The second latent variable (pro-inaction) is
higher for males and households with more adults, though smaller for
families with children, more educated people and environmentalists
(these results correspond to the estimation of Eq. (12) and are pre-
sented in Hoyos et al., 2015). The influence of these latent variables is
represented by the coefficients in the class allocation model (lower
part of Table A1). Respondents with a more negative value for the first
latent variable (pro-action) are less likely to belong to class 2, while re-
spondents with a more positive value of the second latent variable ( pro-
inaction) are more likely to belong to class 2. The probability of belong-
ing to a specific class is thus driven by the latent attitudes represented
by the two latent variables, with individuals supporting environmental
action more likely to belong to class 1 and individuals supporting envi-
ronmental inaction more likely to belong to class 2.

Table 6 presents the results of LCMs with direct inclusion of indica-
tors in the allocation function without (model 4) and with correction
of endogeneity (model 5). The estimated attribute coefficients in both
classes are very similar and very close to the estimation of the plain
LCM (model 2) presented in Table A1. That means that the characterisa-
tion of the two classes remains the same. The novelty emerges in the al-
location function. As explained above and defined in (15), the
coefficients y;, and 7y, should represent the effect of latent attitudes
represented by two indicators on the allocation function.

Similar to the HLCM, no socio-demographic variable is significant in
the allocation function in model 4 when the two indicators are included.
As expected, the effect of the first indicator (y;2) is negative indicating

that the people with beliefs supporting environmental action have a
lower probability to be in the second class labelled group as individuals
supporting environmental inaction. The second indicator is not
significant.

Finally, model 5 includes the MIS correction of possible endogeneity
by the means of inclusion of residuals of the auxiliary regressions (pre-
sented in Table 7) into the allocation function defined in Eq. (17). The
significant coefficient i, indicates that the second indicator suffers

endogeneity (Rivers and Voung, 1988), implying that model 4 provides
inconsistent estimators. Additionally, the two coefficients y;> and y2»
are significant at 5% and their signs are in line with the previous inter-
pretation of classes and indicators. The first indicator represents the
set of beliefs supporting environmental action and its negative coeffi-
cient vy, indicates that individuals with those beliefs have a lower prob-
ability of belonging to Class 2. Similarly, the second indicator represents
the set of beliefs supporting environmental inaction and, that is why, its
coefficient 7y,, is positive making the probability of belonging to class 2
bigger. There is only one socio-demographic variable significant in the
allocation function of model 5 showing that recreationalists have a
lower probability of belonging to class 2 (individuals supporting envi-
ronmental inaction).

The HLCM allows deeper analysis of the existing preference hetero-
geneity than a plain choice model through the link of allocation proba-
bilities to socio-demographic variables by the use of underlying
attitudes. In the HLCM, the latent variables depend on the socio-
demographic variables as defined in Eq. (12) and at the same time the
latent variables enter the allocation function (13). This interesting
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Table 7
Auxiliary regressions.

Dependent variable: ALT2 (Indicator 1 of LV})

Dependent variable: EGO3 (Indicator 1 of LV3)

Explanatory variables Est. p-value Explanatory variables Est. p-value

Constant 1.51 <0.01 e Constant 2.08 <0.01 e
EGO2 (Indicator 2 of LV1) 0.67 <0.01 o BIO3 (Indicator 2 of LV2) 0.24 <0.01 o
Recreationalists 0.19 <0.01 o Recreationalists 0.08 0.20

Gender (male) —0.04 0.20 Gender (male) 0.05 0.48

Education —0.06 <0.01 o Education —0.13 <0.01 o
Number adults in household —0.03 0.09 * Number adults in household 0.04 0.25

Number children in household 0.10 <0.01 o Number children in household —0.14 <0.01 e
Environmental NGO —0.03 0.78 Environmental NGO —0.23 0.26

R? 0.43 R? 0.10

Number of observations 1326 Number of observations 1326

influence of the socio-demographic variables on the allocation function,
described in Hoyos et al. (2015), can be summarised as follows. The ex-
pected value of the first latent variable (pro-action) decreases with an
increase in number of adults in the household and for males, but it in-
creases for recreationalists and families with children. The expected
value of the second latent variable (pro-inaction) increases for males
and number of adults in the household and decreases for families with
children, more educated people and environmentalists. Very similar ef-
fects can be found in the auxiliary regressions presented in Table 7 as-
suming that variable ALT2 represents the first latent variable and
EGO3 the second latent variable.

Moreover, the estimation results of the attribute coefficients of the
LCM with MIS correction (model 5) and HLCM (model 3) are very sim-
ilar: pro-environmental individuals are less likely to be found in class 2,
where we are more likely to find individuals showing a higher sensitiv-
ity to agricultural development attributes, such as forest tree plantation
extensions. In contrary to this, individuals belonging to class 1 show a
higher sensitivity to environmental attributes (native forest, biodiver-
sity and recreation). Quite interestingly, the MIS method seems to be
more parsimonious, as it is capable of reaching almost identical results
with significantly fewer parameters, 29 (or 47 if the coefficients of the
auxiliary regressions are included), as compared with the more compli-
cated hybrid model that requires the estimation of 113 parameters to
offer an equally rich interpretation.

4.5. Impact on welfare

Next, we compare the implications of the previous results in terms of
welfare measures. In the case of welfare measures, it is convenient to
conduct this comparison by analysing willingness to pay (WTP) values.
Compensating surplus (CS) welfare estimates may be obtained from
Hanemann (1984) and Train (1998):

S = —&( In (Z exp([sxg))— In (Z eXp(BXi]j))), (18)

where « is the marginal utility of income (usually represented by the
coefficient of the payment attribute) and X and X} represent the vector
of environmental attributes at the initial level (status quo) and after the
change levels, respectively. Simplifying the above equation, the WTP for
a marginal change in the level of provision of each environmental attri-
bute is obtained by dividing the coefficient of the attribute by the coef-
ficient of the cost attribute.

Marginal WTP values were simulated following the Krinsky and
Robb (1986) procedure. Fig. 4 shows the box-plots of the simulated
WTP distributions derived from models 2 (LCM), 3 (HLCM), 4 (LCM
IND) and 5 (LCM MIS). Each WTP distribution is characterised by its
minimum, 25th percentile, median, 75th percentile and maximum. At

first glance, the distributions of Fig. 4 show relative robustness regard-
less of the model used. The noteworthy result is the wide spread of
the distributions based on LCM MIS model. In similarity with the instru-
mental variable approach in a linear regression, the MIS approach is not
efficient and can lead to relatively wide distributions (see e.g. Guevara,
2015).

But what really matters is whether there are significant differences
between simulated WTP distributions among the four analysed models.
We tested the difference between the simulated WTP distributions
depicted in Fig. 4 using the complete combinatorial method (Poe et al.,
2005). This method is designed to calculate the difference between
two independent empirical distributions and conduct a statistical test
on that difference. Table 8 presents p-values of all pair comparisons be-
tween models for all attributes. As can be seen in Table 8, the null hy-
pothesis that the difference is zero cannot be rejected in any
comparison.

The results in Fig. 4 and Table 8 are based on marginal changes. An
interesting question is whether the result of no differences in the ob-
tained outcomes among the four different approaches remains if the at-
tribute changes are bigger. That is why the compensating variation (CV)
measures (Adamowicz et al., 2011) are computed corresponding to four
hypothetical scenarios. These scenarios presented in Table A2 in the Ap-
pendix A are described in detail in Hoyos et al. (2012). They were devel-
oped taking into account ecologically feasible land use changes:
(1) enhancement of vineyard activity causing the area of vineyard plan-
tations to increase; (2) moderate enhancement of ecological values;
(3) high enhancement of ecological values; (4) maximum enhancement
of ecological values.

Fig. 5 shows, in a similar fashion to Fig. 4, the simulated CV distribu-
tions derived from models 2 (LCM), 3 (HLCM), 4 (LCM IND) and 5 (LCM
MIS). Despite the fact that the assumed changes in the attribute levels
are bigger than those assumed in Fig. 4, the general conclusions remain.
The distributions of the CV for the four hypothetical scenarios obtained
by model 3 (HLCM), 4 (LCM IND) and 5 (LCM MIS) are, firstly, very sim-
ilar with respect to median values and, secondly, the MIS approach can
lead to relatively wide distributions (see e.g. Guevara, 2015).

Similar to Table 8, we also tested the difference between the simu-
lated CV distributions depicted in Fig. 5 using the complete combinato-
rial method (Poe et al.,, 2005). A significant difference is found only for
models 2 (LCM) and 3 (HLCM) in Scenario 2 (Table 9). Generally,
model 2 (LCM) can be seen as a model with missing explanatory vari-
ables in the allocation functions. This shortcoming is solved in 3
(HLCM), 4 (LCM IND) and 5 (LCM MIS). This can be an explanation of
the similar behaviour of the corresponding three distributions in Fig. 5
and slight departures of the distributions of model 2 (LCM).

This result highlights the conclusion reached in the previous subsec-
tion: the MIS correction to endogeneity provides similar welfare esti-
mates as the HLCM though with a significantly smaller set of
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Table 8
Poe test for difference between two independent empirical distributions (WTP).

Native  Vineyard Exotic tree  Biodiversity —Recreation
forest plantations
LCM-HLCM 0.40 0.18 0.44 0.41 0.50
LCM-LCM IND 0.49 0.49 0.48 0.49 0.49
LCM-LCM MIS 0.45 0.44 0.45 0.45 0.44
HLCM-LCM IND 0.38 0.32 0.48 0.38 0.47
HLCM-LCM MIS 0.49 0.37 0.42 0.49 043
LCM IND -LCM 0.41 0.41 0.41 0.41 0.41

MIS

parameters. In addition, our results show that, although we find evi-
dence of endogeneity, the bias it may produce both on parameter and
welfare estimates seems to be almost negligible, mostly noticeable
only at the level of the class allocation model.

5. Discussion and conclusions

This paper shows that the application of the MIS method to correct
for endogeneity in discrete choice models for environmental valuation
may be considered as a valuable tool for practitioners dealing with
this issue given its relative simplicity. Another advantage to practi-
tioners is that this method can be easily applied in any econometric soft-
ware. Although in this particular case, the existence of endogeneity does
not seem to considerably bias the estimation results, this method may

Table 9
Poe test for difference between two independent empirical distributions (CV).
Scenario 1 Scenario2  Scenario3  Scenario 4

LCM-HLCM 0.24 0.02 0.21 0.43
LCM-LCM indicators 0.48 0.49 0.48 0.49
LCM-LCM MIS 0.44 0.44 0.45 0.44
HLCM-LCM indicators 0.36 0.19 0.33 042
HLCM-LCM MIS 0.39 0.29 0.37 0.45
LCM indicators -LCM MIS ~ 0.41 041 0.42 041

be considered a useful tool for testing the existence of endogeneity
due to omitted attributes in DCEs for environmental valuation. Given
that researchers usually collect attitudinal information from respon-
dents, the robustness of the estimation results to the presence of
endogeneity can be easily tested following the MIS methodology pre-
sented in this paper. In this regard, this research contributes to the de-
velopment of the MIS method by proposing and illustrating a factor
analysis procedure for the selection of indicators.

The paper also allows the comparison of the performance of the MIS
method and the recently proposed hybrid choice models in order to ad-
dress the endogeneity problem that may be found due to the omission
of latent environmental attitudes. Firstly, the results suggest that, in
this particular application, the MIS method seems to successfully ad-
dress the omission of latent variables in a more simplistic way than
that of the hybrid choice model. This result is in line with the Monte
Carlo evidence provided by Guevara (2015). The MIS method basically

Scenario 1: Promotion of vineyards

e |
1 peemmeemneneaes -
= oMM
= = LCM IND fressssss -"-4
£ i
. pessnssy -1
T T T T
0.0 05 10 15

Scenario 2: Moderate promotion of ecological values

I
EEO0

LCM MIS
LCM IND S -___ ]
HLCM

2.0 -15 -1.0 -05

Scenario 3: High promotion of ecological values

LCM MIS
LCM IND — - -]
HLCM

I
[ Jugugul

Scenario 4: Maximum promotion of ecological values

LCM IND

BEOD
=
o
=

Fig. 5. Comparison of compensating variations for different hypothetical scenarios.
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requires an auxiliary linear regression and a standard discrete choice
model, whereas the hybrid model involves simultaneous estimation of
more complicated structural and measurement equations. Secondly,
the simplicity of the MIS method leads to a notably lower computational
burden. The estimation of hybrid models involves maximisation of com-
plex likelihood functions and related computational issues. Thirdly, we
find that in our case both estimation methods produce similar parame-
ter estimates. However, researchers should bear in mind that these
models are not directly comparable since they are based on different as-
sumptions. The main assumption for the MIS approach relates to the in-
dependency required in Eq. (4), while hybrid modelling relies on the
specification of valid structural and measurement Eqs. (12), (13) and
(14). In this sense, despite the fact the MIS method may be less efficient
in general than the HLCM, it can be said to be more robust because it re-
quires milder modelling assumptions.

It is important to note that the MIS method applies only to cases
where the researcher believes that endogeneity is due to omitted attri-
butes (latent environmental attitudes, in our case) in the allocation
function, and that the hybrid model remains a valuable tool to deal
with this problem in other possible cases. For example, when the omis-
sion of the latent environmental attitude occurs in the utility function.
From this perspective, the hybrid choice model framework remains as
a more flexible method.

To the best of our knowledge, there are no previous applications of
any method aimed to detect and/or correct for endogeneity in DCE for
environmental valuation using the MIS approach. However, various
DCE studies in other fields have identified endogeneity as a critical prob-
lem, including, but not limited to: choice of wine (Palma et al., 2018),
airline itinerary choice (Lurkin et al., 2017), mode choice (Fernandez-
Antolin et al,, 2016), passenger booking timing (Wen and Chen, 2017),
learning models of route choice (Guevara et al., 2017), mobility data col-

Appendix A

Table A1
Estimations of MNL, LCM and HCLM.
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lection (Zegras et al., 2018), demand for electric vehicles (Helveston,
2016), valuation of public transport attributes (Guevara et al., 2018),
residential choice (Guevara, 2005, 2010; Guevara and Ben-Akiva,
2006; Guevara and Polanco, 2016) and automobile choice (Petrin and
Train, 2010). Among those, Palma et al. (2018), Fernandez-Antolin
et al. (2016) and Guevara and Polanco (2016) have used the MIS
method.

Moreover, it is important to bear in mind that the properties of
the MIS method critically depend on the quality of the indicators
used. As shown by Guevara (2015), the bias for the MIS method
with proper indicators is negligible, but the results can be extremely
poor when the two indicators do not fulfil the required conditions
(2) and (4), or they are weak indicators of the underlying unob-
served construct.

The empirical results reached in this paper open a path to further ex-
plore the issue of endogeneity in discrete choice modelling for environ-
mental valuation. More applications are needed in order to establish a
body of literature sufficient enough to determine the magnitude of the
problem and the best way to deal with it.
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MNL (model 1)

LCM (model 2) HLCM (model 3)

Number of individuals: 221 221 221
Number of observations: 1326 1326 1326
Log-likelihood: —1208.705 —902.60 —4265.168
AIC 243341 1851.19 8756.34
BIC 2532.45 2135.93 8869.34
Parameters: 8 23 113
Class 1 Class 2 Class 1 Class 2

Est. p-val. Est. p-val. Est. p-val. Est. p-val. Est. p-val.
ASC, 0.266 0.30 —1.550"** <0.01 —0.896 0.35 —1.960*** <0.01 —0.447 0.64
ASC, 0.094 0.17 0.085 0.30 0.540 * 0.07 0.086 0.30 0.438* 0.08
Bnat 0.046*** <0.01 0.052*** <0.01 0.025 0.13 0.053*** <0.01 0.021 0.11
Buin 0.007 0.12 0.007 0.23 0.016 0.39 0.006 0.28 0.019 0.20
Bror —0.007 0.27 —0.011 0.13 0.067 *** <0.01 —0.010 0.14 0.048 ** 0.04
Bsio —0.043 *** <0.01 —0.053 *** <0.01 0.015 0.66 —0.056 *** <0.01 0.016 0.61
Brec 0.015 0.52 0.033 0.20 —0.124 0.12 0.032 0.22 —0.082 0.26
Bcost —0.017 *** <0.01 —0.017 *** <0.01 —0.095 *** <0.01 —0.017 *** <0.01 —0.055 *** 0.01
Class allocation Class allocation

Est. p-val. Est. p-val.

o> —2.280 *** <0.01 Lo —2.400 *** <0.01
L2 L2 0.703 *** 0.01
o b 0.649 ** 0.05
12, Recr —0.702 * 0.06 N12, Recr —0.551 0.21
22, Male 0.402 0.27 22, Male —0.180 0.70
32, Adult 0325 * 0.08 32, Adult 0.068 0.66
a2, Chitd 0.008 0.97 a2, chitd 0.436 0.19
Ns2, Educ 0.093 0.55 N52, Educ 0214 0.22
N62, NGO —0.049 0.97 62, NGO 0.892 0.50
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Table A2

Management scenarios based on the share of land use area.

Status quo Scenario 1 Scenario 2 Scenario 3 Scenario 4

Cork oak tree 11.59% 11.59% 14.71% 19.81% 36.10%
Heathland and bushes 17.13% 17.13% 17.13% 18.48% 2.09%
Other native tree species 13.09% 13.09% 15.12% 17.03% 29.19%
Tree plantations 15.99% 14.91% 10.83% 247% 0.00%
Meadows, gardens and crops 31.00% 29.39% 31.00% 31.00% 23.85%
Vineyard 11.21% 13.90% 11.21% 11.21% 8.78%
Total 100.00% 100.00% 100.00% 100.00% 100.00%
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