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Abstract
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ing discrete and continuous representations of tastes and compare it
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proaches. We investigate the performance of the discrete-continuous
model by comparing welfare estimates and predictive accuracy. While
the discrete-continuous model shows the best performance in terms of
goodness-of-fit, the conventional latent class model has a higher predic-
tion power when in-sample forecasts are calculated. The estimation of
models with alternative means of accounting for preference heterogene-
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and, hence, considerable differences across WTP estimates are found.
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1 Introduction

Over the years, the random utility model (McFadden, 1974) has become
the predominant approach for describing individual preferences through the
analysis of discrete choices (Hicks and Strand, 2000; Haab and McConnell,
2002; Phaneuf and Smith, 2005). In this context, the conventional logit
specifications (e.g. conditional and nested logit models) have dominated
the recreational demand literature. As a result, and given the behavioural
restrictions of these formulations (Hensher and Greene, 2003), preference
homogeneity has been a common assumption among discrete choice appli-
cations (Ouma et al., 2007; Hynes et al., 2008).

However, since the publication of recreational demand studies proving
the existence of taste heterogeneity across individuals (Provencher et al.,
2002), the investigation of such diversity of preferences and its appropriate
treatment has become one of the greatest challenges explored in the choice
modelling literature (Train, 1998; Provencher et al., 2002; Shonkwiler and
Shaw, 2003; Provencher and Bishop, 2004; Morey et al., 2006). Researchers
have found that when heterogeneous preferences are not properly accounted
for, valuable information is discarded and inconsistent estimates and biased
welfare measures are obtained (Bhat, 1997; Bhat and Castelar, 2002; Hess
et al., 2005; Hynes et al., 2008).

In this context, the computing revolution of the last 20 years, and the
consequent generalisation of simulation methods (e.g. simulated maximum
likelihood estimation), has provided researchers with more flexible specifi-
cations overcoming the restrictive assumptions of conventional logit models
(Morey and Greer Rossmann, 2003; Train, 2003). Two predominant ap-
proaches for dealing with preference heterogeneity have been developed: the
Random Parameter Logit (RPL) and the Latent Class model (LC) (Andrews
et al., 2002; Adamowicz, 2004; Ouma et al., 2007).

On the one hand, the RPL introduces taste variation by assuming that
each member in the sample has a different set of utility parameters (Revelt
and Train, 1998; McFadden and Train, 2000; Phaneuf and Smith, 2005).
However, although this specification provides an elegant way to accommo-
date preference heterogeneity using a continuous distribution for individual
tastes, it is not without shortcomings (Morey and Greer Rossmann, 2003;
Provencher and Moore, 2006). Following Hensher and Greene (2003), the
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choice of a tractable parametric form for the distribution of each random
coefficient and the consequent model estimation constitute two challenges
for researchers. In addition, Lenk and DeSarbo (2000) and Scarpa and
Thiene (2005), point out that the RPL may be inadequate in the presence
of different groups of individuals with different tastes.

On the other hand, the LC or finite mixture approach accounts for pref-
erence heterogeneity by assuming that the sample of respondents arises from
a given number of groups, also called classes or segments (Gupta and Chin-
tagunta, 1994; Boxall and Adamowicz, 2002; Shonkwiler and Shaw, 2003;
Provencher and Bishop, 2004). Although this discrete representation of taste
variation is not well designed to handle within-group heterogeneity (Andrews
et al., 2002), it provides an intuitive interpretation of variation across seg-
ments in the population, presenting attractive information about the distri-
bution of welfare effects associated with policy changes (Milon and Scrogin,
2006; Patunru et al., 2007). Unfortunately, empirical evidence proves that
the use of the LC specification might over-simplify the real preferences of
the population, especially when a small number of classes is defined and
the underlying distribution is, in fact, continuous (Allenby and Rossi, 1998;
Wedel et al., 1999).

In sum, beyond the advantages and disadvantages of both specifications,
the debate over continuous (RPL) versus discrete (LC) representation of
preferences is still open within discrete choice literature (Wedel et al., 1999;
Andrews et al., 2002). While RPL model has proved to be more powerful
in accommodating taste variation, its limitations to identify the sources
of unobserved heterogeneity has turned the LC model into the preferred
approach of researchers (Provencher et al., 2002; Greene and Hensher, 2003;
Ouma et al., 2007).1

However, in spite of the popularity and increasing amount of LC appli-
cations published in last years, the underlying assumption of within-group
homogeneity has remained as an important aspect not adequately addressed
within literature (Lenk and DeSarbo, 2000). Undoubtedly, it is unlikely to
expect that all individuals with identical socioeconomic characteristics will
have the same preferences and, hence, the assumption of within-group ho-

1The sources of taste heterogeneity are often related to socioeconomic characteristics,
attitudes, perceptions, social influences and past experiences (Boxall and Adamowicz,
2002).
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mogeneity is too restrictive to represent adequately the complex preferences
of society (Wedel and Kamakura, 2002). In the same way, Allenby et al.
(1998) remark that the extent of heterogeneity is much greater than that
measured by LC and indicates that further research is needed to improve
the modelling of taste heterogeneity.

This paper suggests a combination of discrete and continuous represen-
tations of preferences to overcome the limitations of the conventional RPL
and LC models. Following the work of Lenk and DeSarbo (2000), a random
distribution of taste coefficients is integrated over the segments of a LC spec-
ification. In this way, the Latent Class - Random Parameter Logit model
(LC-RPL) accounts for taste heterogeneity in two simultaneous ways by (1)
identifying different behavioural groups of people as a function of socioeco-
nomic characteristics and (2) considering taste diversity among individuals
in the same group (within-group heterogeneity). So, the LC-RPL captures
the best features of both the LC and the RPL models becoming more par-
simonious than the former and more flexible than the later. Consequently,
by expanding the consideration of taste variation across individuals in the
same group, this new approach provides an additional insight on preference
heterogeneity and a much richer interpretation of the distribution of welfare
effects of policy changes across the population.

A database of recreational trips to forest sites in Mallorca (Spain) has
been used to compare the empirical performance of this new approach
against the most common alternative means of accounting for heteroge-
neous preferences in recreational demand modelling (RPL and LC models).
Comparison of goodness-of-fit measures and in-sample forecasts across spec-
ifications will provide information on the level of improvement achieved by
different models. At the same time, the welfare effects of two policy scenar-
ios, a quality increase and the provision of new picnic facilities, will be calcu-
lated to illustrate whether Willingness-To-Pay (WTP) and its distribution
across individuals significantly differs between alternative representations of
taste heterogeneity in choice modelling.

The paper is structured as follows. The theoretical background of ran-
dom utility model underlying the LC-RPL as well as the more traditional
RPL and LC models is presented in the next section. The data and the
rationale behind preference heterogeneity amongst individuals undertaking
recreational activities in Mallorca are commented in section three. Section
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four presents model estimates. WTP and their distribution across individu-
als are provided in section five and, finally, some conclusions and directions
for future research are presented in section six.

2 Methodology

Following the conventional framework of the Random Utility Model (RUM),
a population of N individuals chooses from i = 1, ..., I known and mutually
exclusive alternatives on a given choice occasion (McFadden, 1974; 1977).
In this context, the total utility perceived by an individual n from choosing
alternative i is assumed to be given by the indirect utility function that,
following a linear-in-parameters specification, can be expressed as (Hensher
and Greene, 2003; Patunru et al., 2007):

Uni = β′xni + εni (1)

This function is derived from two different components: the (observable)
deterministic portion of utility that depends on the attributes xni associated
with each alternative and the vector β of estimated coefficients, and the
remainder (non-observable) stochastic portion εni that is treated by the
researcher as random (Train, 2003). At this point, as the individual is
supposed to choose the alternative yielding the highest level of utility, the
probability of observing individual n choosing alternative i becomes (Ben-
Akiva and Lerman, 1985):

πni = Pr
(
β′xni + εni > β′xnj + εnj

)
∀j 6= i (2)

However, as the analyst cannot observe the stochastic portion of the
utility, a distribution for εni has to be specified. Following the original
development of McFadden’s RUM and, hence, assuming that εni is indepen-
dent and identically distributed according to the Gumbel or type I extreme
value cumulative distribution function F (εni) = e−e

−εni the Conditional
Logit (CL) model is derived and the site-selection probability in equation
(2) can be expressed as (McFadden, 1978; Train, 2003):
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πni =
eβ
′xni

I∑
j=1

eβ
′xnj

(3)

Unfortunately, although easy to implement and estimate, site-choice
probability in the CL is not affected by individual’s characteristics and,
hence, the model is not well suited to examine heterogeneous preferences
(Milon and Scrogin, 2006). However, a mixture of the logit function evalu-
ated at different β′s has recently been used to overcome the limitations of the
traditional conditional logit model (Train, 2003). Such model, known as the
mixed logit model, can be derived under a variety of different specifications
according to the mixing distribution f(β) used.

2.1 The random parameter logit model

The RPL is derived when a continuous distribution is assigned to the mixing
distribution f(β). More precisely, the RPL is a generalization of the condi-
tional logit model that allows the coefficients of observable variables to vary
randomly over people rather than being a fixed constant across the sam-
ple (Hynes et al., 2008). Following this formulation, the choice probability
conditional on βn becomes:

πni =
eβ
′
nxni

I∑
j=1

eβ
′
nxnj

(4)

Unfortunately, the researcher does not know βn. Consequently, it is
necessary to integrate the logit formula in expression (4) over all possible
values of βn and, in this way, estimate the unconditional choice probability
for individual n visiting site i (Train, 2003):

πni =
∫

eβ
′xni

I∑
j=1

eβ
′xnj

f(β)dβ (5)

At this point, the researcher has to assume a distribution for βn and
estimate the parameters of such distribution that, in most applications, has
been specified as a normal β ∼ N(b,W ) or a lognormal lnβ ∼ N(b,W ) with
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mean b and covariance W (Train, 1998, 1999; McFadden and Train, 2000;
Meijer and Rouwendal, 2006). As a result, the log-likelihood function for a
given value of the parameter vector β takes the form:

LL =
N∑
n=1

I∑
i=1

yniln (πni) (6)

where N represents the number of individuals in the sample, πni are the
choice probabilities from equation (5) and yni equals one when the nth indi-
vidual chooses alternative i and 0 otherwise. As the solution to expression
(6) involves the evaluation of a multiple-dimensional integral which does
not have a closed-form, the estimation of such model requires the use of
simulation methods (Bhat, 1998; Revelt and Train, 1998).

2.2 The latent class model

In contrast to the RPL, the use of a discrete distribution for f(β) leads to
the LC specification. The LC model accounts for preference heterogeneity
to a given degree by assuming the existence of K homogenous segments or
groups in the sample of respondents (Bhat, 1997). In this way, although
preferences are assumed to be homogeneous within each segment, tastes
and, hence, utility functions and welfare measures can vary between seg-
ments (Hynes et al., 2008). More precisely, the derivation of the LC model is
based on two different probability equations. On the one hand, the member-
ship equation explains the assignment of individual n into the K segments,
where K is exogenously defined by the analyst. Although a semi-parametric
form based only on a constant term can be used to define the membership
probability (Scarpa and Thiene, 2005), the most common specification is im-
plemented with a set of socioeconomic covariates (Boxall and Adamowicz,
2002; Provencher et al., 2002). Using a multinomial logit formulation, the
probability that individual n belongs to segment k can be written as a func-
tion of its socioeconomic variables zn and the vector of estimated coefficients
λk related to the segment k:

πnk =
eλ
′
kzn

K∑
m=1

eλ
′
mzn

(7)

On the other hand, and given the membership to group k, the site-choice
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probability equation is used to explain the choice across alternatives follow-
ing the traditional framework of the conditional logit model presented above.
That is, the probability that individual n chooses alternative i, conditional
on belonging to taste group k, takes the form:

πni|k =
eβ
′
kxni

I∑
j=1

eβ
′
kxnj

(8)

where βk represent the vector of estimated coefficients associated to segment
k. Finally, the unconditional probability that a randomly chosen individual
n chooses i can be written from equations (7) and (8):

πni =
K∑
k=1

πnkπni|k (9)

Therefore, following Greene and Hensher (2003), Thacher et al. (2005)
and Aldrich et al. (2007), the log-likelihood function reduces to a weighted
average of the log-likelihoods of the K latent classes and, hence, simulation
is not needed:

LL =
N∑
n=1

ln

[
K∑
k=1

πnk

(
I∏
i=1

(
πni|k

)yni

)]
(10)

2.3 The latent class - random parameter model

Finally, and following the specification of the conventional LC model, the
LC-RPL assumes a discrete distribution for f(β). Again K groups of respon-
dents are defined and individuals are assigned to one of them on the basis
of the membership equation defined in expression (7). However, instead of
assuming a fixed vector of coefficient βk for all subjects in segment k, a set of
individual specific coefficients βnk is used in each segment, accommodating
preference heterogeneity across individuals belonging to that group (Lenk
and DeSarbo, 2000). In this way, and following the specification of the RPL,
utility coefficients vary randomly across individuals within the same segment
according to a specific distribution defined by the researcher. Consequently,
the site-choice equation (conditional on being in group k) of the LC-RPL
model is the integral of the well-know logit formula over all values of βnk:
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πni|k =
∫

eβ
′
kxni

I∑
j=1

eβ
′
kxnj

f(βk)dβk (11)

At this point, the unconditional probability that a randomly chosen in-
dividual n chooses alternative i in the LC-RPL model can be written from
equations (7) and (11) leading to the same equation represented in expres-
sion (9). Accordingly, equation (10) denotes the log-likelihood function of
the LC-RPL which estimation, likewise the RPL, requires the use of simu-
lation methods.

3 Data

Preference heterogeneity has been investigated using a dataset of destina-
tion choices concerning one-day recreational trips in the Island of Mallorca
(Spain). As the 59 forest sites that have been identified within the 153,115
hectares of the study area are quite diverse from both a geographical and
recreational perspective, a geographical information system has been as-
sembled using ArcGIS 9.2 software. In this way, information regarding the
environmental characteristics as well as the recreational facilities that pro-
vide these sites have been collected from fieldwork inventory and existing
datasets such as the Balearic Islands topographic map (Balearic Island Gov-
ernment), the National Institute of Metereology and the National Forest
Inventory (Ministry of Environment).

In addition, the regional-wide survey administrated to 1043 individu-
als has provided a heterogeneous sample of Mallorcan residents, not only
in terms of socioeconomic characteristics, but also in terms of the kind of
outdoor recreation that they were undertaking. As a result, the different di-
rection and magnitude that some environmental features can have on utility,
especially amongst individuals with a distinct socioeconomic profile and/or
with different recreational interests, becomes very convenient for investigat-
ing preference heterogeneity in a context of recreational demand modelling.
Undoubtedly, such diversity of tastes will lead to different WTP across recre-
ationists depending on the activities that they undertake, their concern for
environmental attributes, their demand for specific recreational facilities,
their socioeconomic characteristics, etc.
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The residents included in this population-specific sampling scheme were
randomly chosen and surveyed at home by trained interviewers. After test-
ing the questionnaire in a pilot survey, the final version was administrated
from April to July 2006. It was divided in different sections collecting data
regarding number of trips, visited sites, activities undertaken in the site
(hiking, picnicking, going for a walk, camping, observing the flora and the
fauna, adventure sports as biking, climbing, etc.) and socioeconomic infor-
mation about the respondent (income, age, place and year of birth, attained
level of studies, occupation, etc.).

To compute the travel cost variable from each trip origin to the 59 avail-
able sites, data on means of transport, party size, on-site time and other
costs associated with the visit was also gathered. In addition, travel time
and distance have been calculated from the Mallorcan road map at scale
1:25,000 and Teleatlas digital data. When more than one route was avail-
able for a specific individual, it has been assumed that the shortest one was
chosen. The mileage cost and the opportunity cost of driving time have been
jointly considered to estimate the travel cost.2 Regarding the opportunity
cost of driving time, the traditional lower bound proposed by recreation lit-
erature has been used, consisting of one-third of the individuals wage (Englin
and Shonkwiler, 1995; Phaneuf and Smith, 2005).

In the prior 12 months previous to the survey, 80.63% of the sample (841
respondents) had taken one or more trips to forests. Additionally, those in-
dividuals who had visited forests took an average of 10 trips each. Going for
a walk was the most popular activity in forests (40.90%), followed by hiking
(24.85%), picnicking (22.95%), adventure sports (6.66%) and other activi-
ties (4.64%). With regard to the socioeconomic information of respondents,
the mean age in the sample was 44 and the average monthly income was 950
euros. 92.43% of sampled residents were Spanish and 48.21% men. Con-
cerning the educational level of the sample, 35.57% had completed primary
studies, 37.87% secondary studies and 26.56% tertiary studies. Regarding
the occupation, 63.57% were employed, 4.03% were unemployed, 10.45%
were housewife or househusband, 15.44% were retired and, lastly, 6.51%
were students.

2The mileage cost has been set to AC0.19 per kilometre according to the official cost per
kilometre dictated by the Spanish Government in 2005.
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4 Results

The econometric results for the RPL, LC and LC-RPL models defined in
section two are presented in Table 1. For completeness, the CL model is also
provided as a benchmark case for comparison with the models accounting for
heterogeneity in preferences. MATLAB software has been used to maximize
the log-likelihood function, for the CL and LC models, and the simulated
log-likelihood function with 200 replications per observation, for the RPL
and LC-RPL specifications.3

Beyond the consideration of travel costs, a large set of environmental at-
tributes and recreational facilities characterizing forest sites has been used
as explanatory variables for choice probabilities. Four variables to capture
environmental attributes of sites in the final specifications have been cho-
sen. While alternative specifications with more site-specific attributes were
estimated, the final model includes only the key attributes being the most
significant determinants of choice overcoming collinearity issues. The site-
specific variables are the ‘travel cost’, the availability of ‘picnic facilities’ in
the site, the ‘kilometres of roads’ in the site (used as a proxy measure of ac-
cessibility inside the forest area) and a ‘landscape quality’ index that brings
into consideration the biotic (forest composition, arboreal cover classifica-
tion, burned forest areas, etc.) and anthropogenic elements (infrastructures,
urban areas, farms, etc.) present in the site and its surroundings.

The signs and magnitudes of coefficients conform to expectations and,
in general, their interpretation across models is similar. In this way, while
‘travel cost’ has a negative effect on the probability of site-choice as shown
by the negative sign of its coefficient, the availability of ‘picnic facilities’,
the ‘kilometres of roads’ in the site and the ‘landscape quality’ are desir-
able characteristics for recreationists and, hence, increase their site-choice
probability.

Concerning the estimation search for models accounting for random taste
parameters, that is, the RPL and the LC-RPL specifications, alternative
distributions (normal, lognormal, etc.) have been investigated for the ran-

3A sensitivity analysis for starting values has been performed to guarantee the conver-
gence of the models to a global optimum. Only when the starting values have been set
sufficiently far away from the solution (and with opposed signs) the model has failed to
converge. Such converge problems have been found in both, the RPL and the LC-RPL
models.
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dom parameter coefficients. However, the evidence suggests that, in the
present dataset, only the consideration of the ‘landscape quality’ variable
as a random parameter significantly improves the model fit. The rationale
behind such pattern of heterogeneity is based on both, the wide range of
landscape quality levels existent in the Mallorcan forests (in contrast, to
the low variation that characterize other variables such as, for instance, the
presence/absence of picnic facilities) and the variability in the perception of
quality that can be found across individuals.4

All coefficients have been included as fixed in both models with the
exception of the ‘landscape quality’ attribute, specified as random following
a lognormal distribution.5 The values related to the ‘landscape quality’
variable provided in Table 1 correspond to the estimated mean and standard
deviation parameters of a lognormal distribution. Consequently, implicit in
this lognormal distribution is the assumption that while preferences vary
over individuals, everyone prefers more to less ‘landscape quality’ in the
visited site. In fact, the highly significant standard deviation parameter
of the ‘landscape quality’ variable indicates that preferences towards this
attribute do indeed vary across the population. Overall, the coefficients
derived under the RPL specification are in the same line that those of the
CL model.

Although the RPL model allows the identification of heterogeneity in
preferences through the consideration of taste variation towards landscape
quality, this specification do not provide any information on the source of
such diversity of tastes. In contrast, as explained above, the LC model has
allowed the identification of different behavioural groups within the sample
of respondents. Unfortunately, the determination of the optimal number
of classes or segments with different preferences is not considered in the
estimation process and no valid statistical test exists to decide the number of
classes (Thacher et al., 2005; Hynes et al., 2008).6 In this context, although

4The concept of quality can be based on different environmental features depending on
the recreational interests of each individual, its environmental attitudes, education, etc.

5The lognormal distribution has traditionally been used in variables which coefficient
is expected to have the same sign for all individuals in the sample (Revelt and Train, 1998;
Train, 1999). In this case, it is quite reasonable to assume that ‘landscape quality’ is a
desirable feature with a positive effect on utility for all respondents.

6The conventional specification tests such as the likelihood ratio or the Wald tests do
not satisfy the regularity conditions for a limiting chi-square distribution under the null
within this context (Scarpa et al., 2007).
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different statistics based on the information criteria developed by Hurvich
and Tsai (1989),7 as well as the entropy index,8 have commonly been used
to provide some guidance to the analyst to decide the number of segments
or classes (Thacher et al., 2005), the choice of number of classes must also
consider other issues as the significance of the estimated parameters and the
meaningfulness of the parameters and their signs (Scarpa and Thiene, 2005;
Morey et al., 2006).

The statistical analysis of our data shows as recreationists split into two
groups with a clear differentiated behavioural profile. If more than two
classes are included in the model, the additional groups represent only a
small portion of the total respondents and the lack of significance of their
parameters precludes their association to a specific behaviour. In addition,
the optimization process of the simulated log-likelihood function of the LC-
RPL with more than two classes, quite often, has failed to converge. For all
these reasons and to facilitate comparison between models, only two classes
have been included in the LC and LC-RPL specifications.

From the results of the LC model, respondents in class 1 show a high
sensitivity to travel expenses and the presence of roads if compared with
individuals in class 2. Furthermore, the presence of picnic facilities is an
attractive feature for individuals in class 1, but not fore people in class 2.
Conversely, the landscape quality of the forest site is desirable for respon-
dents in class 2, while people in class 1 do not care about it. In sum, the
pattern of tastes of class 1 is associated to those individuals looking for for-
est areas close to home equipped with recreational facilities to undertake
intensive recreational activities such as picnic. In contrast, class 2 is rep-
resentative of those individuals with a more naturalistic attitude, looking

7Given the log-likelihood of the model at convergence LL, the number of parameters
included in the specification J and a penalty constant δ, the information criteria statistic
C is defined as C = −2LL + Jδ (Scarpa et al., 2007; Hynes et al., 2008). Consequently,
different statistics can be derived under different values of the penalty constant. In this
way, when δ = 2 the Akaike Information Criteria (AIC) is obtained, when δ = ln(N) the
Bayesian Information Criteria (BIC) is derived and when δ = 2+2(J+1)(J+2)/(N−J−2),
the corrected AIC (crAIC) is obtained.

8The entropy index is a measure of good segregation across groups that takes the form
(Wedel and Kamakura, 2000; Morey et al., 2006):

ε = 1−

N∑
n=1

K∑
k=1

−πnkln(πnk)

Nln(K)
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for a direct contact with the natural beauty of forests and undertaking non-
intensive recreational activities such as hiking, going for a walk, observing
the flora and fauna, etc. Accordingly, such individuals prioritize landscape
quality to accessibility and do not care about recreational facilities relative
to class 1.

The estimated coefficients of the membership equation are also reported
in Table 1 providing information about the sources of taste heterogeneity
across both segments. The membership coefficients for the second group
have been normalized to zero to be able to identify the remaining coefficients
of the model and, hence, the membership equation for class one has to
be evaluated relative to group two. More precisely, the final specification
of the membership equation includes a constant term and some variables
describing the socioeconomic background of individuals. Following Bhat
(1997), the constant in the membership equation do not have any substantive
interpretation beyond its contribution in the size of the segments.

With regards to the negative sign of the dummy variables ‘income’, ‘city’
and ‘high-education’, they indicate that those individuals with higher in-
come, a higher level of education or living in a city (instead of in a small
village) are more likely to belong to group 2. These results are reasonable
when compared with the behavioural profiles identified in the site-choice
equation of both classes. In this way, the higher income and educational
level of people in the second group can explain the lower sensitivity of these
respondents to travel costs and their higher interest for landscape quality.
In the same line, the positive sign of the ‘natural areas’ dummy variable
shows as respondents who considered that the provision of natural areas
was acceptable are more likely to be in group 1, that includes people living
in small villages and, hence, more in contact with nature. Additionally, the
probabilities of membership to groups 1 and 2 can be calculated from the
membership equation. As a result, the 41.48% of the respondents belong to
group 1 and the remaining 58.52% to group 2.

Finally, the coefficients estimates for the LC-RPL specification are quite
similar to those of the LC model. However, the major difference is the
consideration of intra-group heterogeneity through the ‘landscape quality’
random parameter. In this way, while the LC specification restricts within
group heterogeneity, in the LC-RPL model the intensity of this attraction
can vary across individuals within the same group. The estimated variance
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for the ‘landscape quality’ variable suggests that even though significant
variation can be explained by socioeconomic data, an important part of the
variation remains unexplained. Concerning the class membership probabili-
ties, they are quite similar to those of the LC model with a 42.93% for group
1 and 57.07% for group 2.

So far, and comparing the estimates of all models, three conclusions
can be drawn about their general performance. First, the magnitudes and
signs of the coefficient estimates do not show big differences among models.
Second, based on likelihood ratio tests, the LC-RPL statistically dominates
the other specifications in terms of goodness-of-fit.9 Third, following the
mean-squared error calculated for in-sample forecasts, the LC specification
provides the best way of predicting site-choice probabilities. Overall, taking
into consideration that both LC models dominate the mixed specification
and that the LC-RPL accounting for within group heterogeneity is only
outperformed by the LC in a 6.83%, it seems quite reasonable to choose the
LC-RPL as the most preferable approach to model unobserved preference
heterogeneity.

In addition, as the estimation of the welfare effects related to environ-
mental policy changes is an important goal facing environmental economists
today, the analysis of such measures derived under different ways of account-
ing for taste variation becomes of interest. For this reason, welfare measures
are defined and calculated in next section to investigate the implications of
the choice of method for incorporating preference heterogeneity.

5 Welfare estimates

Based upon Small and Rosen (1981) and Hanemann (1982; 1999) measures
of welfare change for random utility models, the Willingness-To-Pay (WTP)
is defined as the measure of the welfare change associated to an increase
(decrease) of some attribute present in the indirect utility function of an
individual. Accordingly, in a context of no income effects, the individual-
specific WTP becomes:

9Two likelihood ratios tests are provided, the so-called McFadden-R2 or Pseuso-R2

defined by McFadden (1974) and the adjusted McFadden-R2 suggested by Ben-Akiva and
Lerman (1985).
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[
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′x1

ni

)]
(12)

where βTC is the travel cost coefficient associated with the marginal utility
of income and the 0 and 1 superscripts refer, respectively, to the initial and
the new state following some change in the set of attributes xni.

Although the WTP measure in equation 12 corresponds to the condi-
tional logit model, such measure has been also estimated for the RPL (Hynes
et al., 2008), the LC (Boxall and Adamowicz, 2002) and the LC-RPL. How-
ever, only the equation of the LC-RPL is included here in the interest of
brevity. In this case, the expected WTP is conditional on individual tastes
βn and, hence, it has to be calculated by integrating over the taste distribu-
tion of the population. Additionally, to represent the distribution of welfare
effects across segments, the expected WTP has to be weighted by segment
membership becoming:

WTPn =
K∑
k=1

πnk

∫ ( 1
βTC

[
ln

(
I∑
i=1

eβ
′
kx

0
ni

)
− ln

(
I∑
i=1

eβ
′
kx

1
ni

)])
f(βk)dβk

(13)
Given the impact caused by recreation demand on some forest ecosys-

tems, specially when visitation rates exceed site carrying capacity, the real-
location of visitors from more crowded areas to less visited sites becomes a
legitimate policy to guarantee both, the quality of the recreational experi-
ence and the preservation of natural areas. In this context, six recreational
sites with visitation rates under the mean have been chosen two test the
development of two policies intended to improve their environmental at-
tributes and recreational facilities and, in this way, increase the number of
trips to these areas. More precisely, the first policy assumes a 50% increase
in the landscape quality of those sites, requiring important investments to
enhance the conservation of forests, increasing the diversity of species and
landscapes and reducing the negative effects of anthropogenic elements. The
second policy simulation involves the provision of additional picnic facilities
in the same set of recreational sites that, currently, lack in such infrastruc-
ture.

The welfare results of both policy scenarios are summarized in Table 2.
In addition, the Krinsky-Robb simulation method have been implemented to

17



estimate the 95% confidence intervals (Krinsky and Robb, 1986).10 As ex-
pected, mean annual WTP (and their confidence intervals) vary significantly
among the estimated models. However, the variation in such welfare esti-
mates depends not only on the consideration of heterogeneous preferences,
but also on the assumptions of the model concerning the representation of
such heterogeneity in tastes. In this way, the empirical results show that
those models considering higher degree of preference heterogeneity in their
specifications lead to higher mean WTP estimates. Therefore, while the in-
dividual WTP for a 50% increase of landscape quality in the 6 chosen sites is
0.0887 euros in the RPL model, it becomes more than three times as much
in the LC-RPL model (0.2998 euros per person and year).

Table 2: Mean expected WTP (95% confidence intervals in brackets)*

Scenario Model Class 1 Class 2 Average

1 CL - - 0.0685
[0.0394 – 0.0978]

RPL - - 0.0887
[0.0565 – 0.1345]

LC 0.0113 0.4072 0.1809
[-0.0037 – 0.0302] [0.1386 – 0.9802] [0.0575 – 0.4781]

LC-RPL 0.0326 0.5104 0.2998
[0.0118 – 0.0714] [0.1920 – 1.4086] [0.1274 – 0.7759]

2 CL - - 0.1232
[0.0601 – 0.1891]

RPL - - 0.1165
[0.0577 – 0.1781]

LC 0.0406 0.3698 0.1874
[0.0116 – 0.0757] [-0.1673 – 0.8774] [-0.0332 – 0.4391]

LC-RPL 0.0401 0.2511 0.1590
[0.0106 – 0.0701] [-0.2232 – 0.9906] [-0.1048 – 0.5366]

(*) Confidence intervals have been computed following the Krinsky-Robb method
with 1,000 repetitions. WTP values expressed in euros per year.
Source: own elaboration

Consequently, the choice of modelling approach to account for heteroge-
neous tastes is a key issue when WTP measures are required to guide policy
decision-making. In this context, the use of the mean expected annual WTP

10More precisely, 1,000 random draws from a multivariate normal distribution, with
means given by the estimated coefficients and covariance given by the estimated covariance
matrix of the coefficients, have been used to simulate values of WTP (Armstrong et al.,
2001). At this point, the 0.025 and 0.975 percentile has been used as the limits of the
confidence interval at the 95% level (Hole, 2007).
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to evaluate the change in welfare under different policy scenarios, can lead
to very different policy recommendations. For instance, and following the
results of the CL and RPL models, recreationists put a higher value on the
second policy scenario (the provision of new picnic facilities). However, when
a LC model is considered, both policies show a similar WTP and when the
LC-RPL estimates are analysed, the policy intended to increase landscape
quality becomes the most valued one.

Concerning the behavioural groups identified in the LC and the LC-
RPL specifications, specific welfare estimates have been provided for each
segment. WTP estimates illustrate that individuals belonging to the second
group, on average, experience larger welfare impacts from both policy sce-
narios compared to respondents in group 1. Taking into consideration that
people with higher income belong to group 2, the distributional effects cap-
tured by the LC and LC-RPL are consistent with the findings from previous
studies (Armstrong et al., 2001) where individuals with higher income, show
an expenditure rate higher than lower income individuals. Moreover, as in-
come increases, the range of values of the intervals increases considerably.

However, beyond the differences found in WTP between groups, the LC-
RPL model confirms the hypothesis of intra-group heterogeneity by showing
that the WTP is not constant across individuals in the same group. That
is, people in the same group and, hence, with similar socioeconomic charac-
teristics, have different welfare measures. To illustrate this, kernel density
distributions of WTP have been estimated and plotted in Figure 1 to estab-
lish the empirical profile of welfare estimates for both policy scenarios. From
these distributions, it is clear that, while the conventional LC model proves
only the existence of two differentiated groups including people with similar
WTP, the LC-RPL shows a larger variability in the WTP measure, not only
between both groups, but also across individuals in the same group. Such
heterogeneity in WTP is especially relevant across people in group 2 show-
ing a considerable range in the values of WTP for an increase in landscape
quality.

Overall, although recreationists groups identified by the LC model are
very compelling from a managerial standpoint, the LC-RPL model shows
that those segments estimated in the LC model can be over-simplifying the
real preferences of individuals leading to an underestimation of the real WTP
of recreationists.
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Figure 1: Estimates kernel densities of individual WTP

6 Conclusion

In recent years, the presence of unobserved preference heterogeneity has
been widely recognized as a critical issue not only for modelling choice be-
haviour (Allenby and Rossi, 1998; Wedel et al., 1999), but also for policy
analysis (Christie and Hanley, 2008). Examining alternative approaches for
incorporating such heterogeneity in models of recreational demand has been
the central issue of this paper. We have combined discrete and continuous
heterogeneity representations of tastes to capture the best features of both
the LC and the RPL models. Unlike previous LC approaches, the LC-RPL
model has allowed the joint consideration of discrete segments and within
segment heterogeneity providing a richer interpretation of preference het-
erogeneity. In addition, the CL, the RPL, and the LC model have also been
estimated for comparison reasons.

The results have revealed the existence of heterogeneous preferences to-
wards environmental attributes and recreational facilities mainly related to
socioeconomic characteristics (income, education, place of residence, etc.).
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More precisely, two behavioural groups with a different socioeconomic pro-
file have been identified in the empirical application. Moreover, a broad
characterization of both classes in terms of their relative preferences over
environmental attributes and recreational facilities of Mallorcan forests has
been undertaken. On the one hand, a group of respondents interested in vis-
iting forests to undertake picnic-related activities, specially concerned with
accessibility issues, travel expenses and picnic facilities. On the other hand,
a group of individuals characterized by a higher income and educational
level and more inclined to consider landscape quality as an integral part of
their recreational experience.

Overall, specifications accounting for preference heterogeneity have demon-
strated a higher performance in terms of both, goodness-of-fit and in-sample
forecasts. In fact, only the RPL has showed a lower prediction power when
compared with the conditional logit model. More precisely, and in contrast
to the findings reached by Wedel et al. (1999), models with discrete (LC)
and discrete-continuous (LC-RPL) representations of heterogeneity, appear
to be doing better than those specifications based exclusively on continu-
ous distributions of tastes (RPL). The LC-RPL model has become the best
performance in terms of goodness-of-fit and has only been narrowly outper-
formed by the conventional LC specification for best in-sample predictions
with the lower mean squared error.

Concerning welfare estimates, the RPL produces welfare estimates sim-
ilar to those of the conditional logit model for a 50% increase in the land-
scape quality of 6 sites, while WTP measures computed from the LC and the
LC-RPL specifications become three times bigger. Considerable differences
have been found between the two recreationists groups identified in both
models, the LC and LC-RPL, with individuals in the second group having
higher income and higher WTP being an evidence of their greater concern
towards environmental issues as landscape quality. In contrast, individuals
in the first group are less sensitive to the policy changes investigated in this
application showing a lower WTP.

Beyond merely identifying these behavioural groups, the LC-RPL has
relayed restrictions by including preference heterogeneity for individuals
within the same group, and it has provided an additional insight to find
and understand the implications of preference heterogeneity and, hence, it
has lead to more useful and accurate WTP estimates. In fact, the results
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from the LC-RPL model have given evidence of the heterogeneous tastes of
those individuals which, sharing a similar socioeconomic profile; have been
grouped in the same segment. Nevertheless, the application of our model to
other study sites is needed before reaching definitive conclusions.

In sum, the LC-RPL approach developed in this paper has the potential
for significantly enhancing the effectiveness of policy decisions by analysing
the heterogeneous preferences of individuals in a context of recreational des-
tination choice. There is no doubt that the ability of the LC-RPL model
to identify different groups of users, based on their socioeconomic charac-
teristics, at the same time that allows for within group taste heterogeneity
towards different environmental site attributes, can become very useful for
policy-makers in different contexts. However, more simulated and empiri-
cal studies are needed to apply this method in other datasets and, in this
way, to fully understand its strengths and weaknesses for estimating choice
models when heterogeneity in preferences is present.
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