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Multiattribute-revealed preference data are used to investigate heterogeneity in a sample of kayakers
for a panel of whitewater sites in Ireland. This article focuses on a comparison of preference hetero-
geneity using a random parameter logit model with correlated tastes and a latent class model, in terms
of the implications for welfare measures of environmental quality and site-access changes. Recre-
ationalists’ skill levels are found to affect preferences in both approaches. Statistics for the estimated
distribution of welfare changes for the average respondent are computed for changes in site attributes,
but contrary to previous work, these are found to be of similar magnitude.
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For many years, the assumption that prefer-
ences are homogenous dominated revealed
preference analysis of the demand for non-
market goods albeit with some notable excep-
tions such as Morey (1981) and Morey, Rowe,
and Watson (1993). In a seminal paper, Train
(1998) emphasized that explicit recognition of
taste heterogeneity is important in the esti-
mation of destination choice random utility
models to avoid bias in attribute coefficient es-
timates, biased welfare change measurements
from site attribute variations, and ultimately
poor policy decisions. In this article we analyze
site choice decisions for whitewater kayakers,
comparing two empirical models that have re-
cently emerged as a way of accounting for
unobserved taste heterogeneity across indi-
viduals, namely the random parameter logit
(RPL) model and the latent class (logit) model
(LCM). The RPL model and LCM are cho-
sen because they have been championed as the
most promising specifications to address unob-
served taste heterogeneity, and yet represent
fundamentally different approaches from that
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employed in more traditional fixed parameter
logit models (Wedel et al. 1999; Greene and
Hensher 2003; Morey, Thacher, and Breffle
2006).

In contrast to the approach taken by
Provencher and Bishop (2004), we focus on
the implications of the choice between LCM
and RPL for the estimation of welfare impacts,
in terms of per choice occasion consumers’
surplus from changes in environmental qual-
ity and site-access conditions. We also exam-
ine differences in the distribution of welfare
effects across visitors estimated from the two
approaches. Following extensive specification
searches we find evidence that the individual’s
skill level affects heterogeneity of taste in a
systematic way, so we allow skill to enter both
approaches in a conceptually equivalent way
by making the attribute mean estimates and
the membership probabilities conditional on
the skill of the kayaker in the RPL and the
LCM, respectively. By doing so, we find that
using a latent class approach results in similar
mean welfare estimates to that of an RPL. This
is in contrast to previous research.

One may think of individual whitewater sites
as different bundles of a given set of attributes.
Taking these attributes into account, kayakers
make choices from the set of all whitewater
sites in deciding where to go on a particu-
lar kayaking trip. Our results indicate that
kayaker preferences for recreational demand

Amer. J. Agr. Econ. 90(4) (November 2008): 1011–1027
Copyright 2008 Agricultural and Applied Economics Association

DOI: 10.1111/j.1467-8276.2008.01148.x



1012 November 2008 Amer. J. Agr. Econ.

sites are likely to be characterized by sys-
tematic heterogeneity. In the next section we
discuss the two random utility modeling ap-
proaches used in this study to analyze white-
water kayaking site choice demand, which
take into account such unobserved taste het-
erogeneity. Following this we review previ-
ous valuation research that focus on issues of
heterogeneous preferences. We then describe
the design of our survey and summarize some
sample characteristics. Specification testing for
model estimation and selected results will be
presented with attendant estimates of con-
sumer surplus per choice occasion, as implied
by our alternative models.

Methodology

The Random Utility Model (RUM) of
McFadden (1974) is the standard statistical
economic framework used to estimate behav-
ioral models of site recreation choice (in a
setting such as ours, this is characterized by
kayaker choice between several whitewater
sites with varying perceived attributes). The
main idea of the RUM model is that the in-
dividual chooses from a number of alterna-
tives (e.g., whitewater sites) and selects the one
that yields the highest expected utility level
on any given choice occasion. Assume that a
kayaker, n, has J possible multiattribute white-
water sites from which to choose. The total
utility perceived by kayaker n from visiting a
candidate site i is assumed to be given by

Uin = V (X in, yn − pin | !n, zn) + εin

= Vin + εin.

(1)

Here, Vin is the indirect utility function
from visiting whitewater site i, !n is a vec-
tor of individual-specific parameters, zn are
individual-specific covariates, εin is the stochas-
tic element of utility, Xin is a vector of per-
ceived site attributes, yn is income, and pin is
travel cost. Whenever the utility from visiting
site i is greater than the utility from visiting all
other sites j ∈ J, site i will be chosen. This leads
to the following probability specification:

Pr(i) = Pr(V (X in, yn − pin | !n, zn)

+ εij ≥ V (X jn, yn − pjn | !n, zn)

+ εjn), ∀ j ∈ J.

(2)

The RUM model can be specified in dif-
ferent ways depending on the distribution of

the error term. If the error terms are indepen-
dently and identically drawn from an extreme
value distribution, the RUM model is specified
as a conditional logit (CL) (McFadden 1974).
This implies that the probability of choosing
site j is the familiar logit with scale parameter
!, or

Pr(i) = exp(!Vin)
∑J

k=1 exp(!Vjn)
.(3)

The Random Parameter Logit Model

The Random Parameter logit model general-
izes the CL by allowing the coefficients of ob-
served variables to vary randomly over people
rather than being fixed. Conditional on indi-
vidual tastes the choice probability is still logit,
but the marginal probability across individu-
als requires integrating over a distribution of
tastes, which needs to be specified by the ana-
lyst. The multivariate normal and its transfor-
mations are of particular appeal in this context
because of their computational tractability.
Assuming that individual tastes are distributed
across people according to a multivariate nor-
mal, we can write "n ∼ N("̄, !). The variance
covariance matrix ! can be specified in a man-
ner consistent with either independence of
taste intensities (by identifying only its diag-
onal values), or correlation (by allowing for
nonzero off-diagonal values). The uncondi-
tional probability of site selection in an unbal-
anced panel of recorded destination choices by
kayaker n then becomes

Pr(i) =
∫ t=T (n)∏

t=1

Lt (i | "n)#("̄, !) d"n

=
∫ t=T (n)∏

t=1

exp(!Vint )∑J
k=1 exp(!Vjnt )

#("̄, !) d"n

(4)

where T(n) is the number of choices ob-
served for each respondent n, #(.) denotes
the multivariate normal density, "̄ and ! are
the mean and variance parameters to be
estimated from sample data, and the Gum-
bel error scale remains unidentified. Note
that in our estimation the integral is approx-
imated by simulation based on 500 quasi-
random draws derived using Latin hypercube
sampling (Hess, Train, and Polack 2006), and
that the elements of the Cholesky matrix,
rather than those of the variance-covariance
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matrix, are estimated. Furthermore, the ef-
fects of socioeconomic covariates can be ad-
dressed by including among the regressors
mean-shifting effects using interaction vari-
ables between attributes and covariates, so that
the means of the taste distribution becomes
conditional on the respondents socioeconomic
status zn via a shifting parameter $ , which here
is an element of ". Welfare changes as mea-
sured by Compensating Variation (CV) from
a move from x◦ to x1 and conditional on in-
dividual taste "n are logit and they therefore
take the familiar form:

CVn = −("$
n )−1

[
ln

[ ∑
exp

(
"′

nx1
n

)]

− ln
[ ∑

exp
(
"′

nx0
n

)]]
.

(5)

The expected measure needs integration over
taste distribution in the population:

ĈV =
∫

CVn#( ˆ̄", !̂) d"

=
∫ {

−("̂
$
n)−1

[
ln

[ ∑
exp

(
"̂

′
nx1

n

)]

− ln
[ ∑

exp
(
"̂

′
nx0

n

)]]}
#( ˆ̄", !̂) d".

(6)

This integral is also approximated by simu-
lation from draws of the estimated distribu-
tions for the random parameters. However,
other features of the distribution beyond the
expected value can be of interest too, such
as quantiles, which are less sensitive to ex-
treme values. We note that because attributes
are here subjectively rated by each kayaker
rather than objectively measured, in our wel-
fare estimation computation we use the sample
average rating of each attribute x̄ to character-
ize the status quo perception of a represen-
tative kayaker and we do not condition these
estimates upon observed choices as done else-
where (e.g., Scarpa and Thiene 2005).

The Latent Class Model

Like the RPL, the LCM model is also a mixed
logit model. The difference is that the mix-
ing of taste intensities takes place over a fi-
nite group of k taste segments, rather than
over continuous value distributions. Condi-
tional on belonging to a taste group k with
probability %k the site-selection probability
is logit. Membership probability into groups
can be semiparametric and based only on a

constant (Scarpa and Thiene 2005), or be in-
formed by socioeconomic covariates (Boxall
and Adamowicz 2002; Provencher, Baeren-
klau, and Bishop 2002). Which specification to
use remains an empirical question that needs
to be addressed case by case. The marginal
choice probability is obtained by using the law
of total probability:

Pr(i) =
K∑

k=1

%k L(i | k)

where L(i | k) is the logit probability condi-
tional on group membership, and %k is the
membership probability. For computational
convenience the latter can also be specified as
a multinomial logit, so as to identify a vector
$k for each group. We note that in this case
either a baseline group or some adding-up re-
strictions on the coefficients are necessary for
identification.

In the LCM taste heterogeneity is statisti-
cally accounted for by simultaneously assign-
ing individuals into behavioral groups or latent
segments and estimating the choice model.
Within each “latent” (that is, unobserved)
class, preferences are assumed to be homoge-
neous; however, preferences and hence utility
functions and welfare measures can vary be-
tween segments. A primary benefit of this ap-
proach is being able to explain the preference
variation across individuals conditional on the
probability of membership to a latent segment.
Since in our sample of kayakers the member-
ship probabilities are informed by attitudinal
self-reported responses and are specified to be
conditional on the skill of the kayaker, the for-
mulas for class (c) membership probability can
be written as

Pr(i ∈ c) = exp(&c + $cskillc)
∑c=C

c=1 exp(&c + $cskillc)
,

c = 1, 2, . . . , C,
c=C∑

c=1

&c = 0

(7)

where &c is a class-specific constant, and $c is
the skill effect on class membership for classes
1, 2, 3, . . . , C. Within the latent class struc-
ture, the probability of whitewater site i being
chosen by kayaker n within the class c is ex-
actly the same as equation (3) except that it is
conditional on the class c:

Pr(i | c) = exp(Vin | c)
∑J

j=1 exp(Vjn | c)
(8)
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where Vin | c = "′
cnxic. The expected prob-

ability of whitewater site i being chosen
by kayaker n is the expected value (over
classes) of the class-specific probabilities. Once
the parameters of the model are estimated,
Greene (2003) and Scarpa and Thiene (2005)
demonstrate how the individual-specific pos-
terior class probabilities can be computed
using Bayes’ theorem. They show that the
individual-specific posterior parameter esti-
mates can be computed using predicted class
membership probabilities %̂c as weights of
the average of the parameters over classes,
"̂n =

∑C
c=1 %̂cn"̂c.

In this context, conditional on class mem-
bership, the CV is as in equation (5), while the
equivalent of equation (6) is simply another
weighted average:

ĈV =
c=C∑

c=1

%̂ncĈV nc

=
c=C∑

c=1

%̂nc

{
−("̂m

nc)−1
[

ln
[ ∑

exp
(
"̂

′
ncx1

n

)]

− ln
[ ∑

exp
(
"̂′

ncx0
n

)]]}

(9)

where x0
n is the status quo level of the attributes

as perceived by kayaker n and x1
n is the per-

ceived level of the attributes after the policy
change. Differently from what is implied by
equation (6) these estimates do not imply a
distribution of values beyond those specific for
each class. Again as a baseline for the status
quo we take the average attribute perception
in the sample for each attribute.

Heterogeneous Preferences
in Valuation Studies

There are numerous examples where RUM
have been used to analyze the demand for
recreational amenities (Parsons and Massey
2003; Morey et al. 2003). Many of these stud-
ies make the implicit assumption that pref-
erences are homogenous across individuals,
since a CL framework is employed. An ear-
lier approach to account for heterogeneity
was based on interactions between individual-
specific variables (e.g., skill, age, etc.) with ei-
ther site attributes (Adamowicz et al. 1997)
or alternative-specific constants (Pollack and
Wales 1992). As Boxall and Adamowicz (2002)

point out, this method is conceptually limiting
because, short of creating a large number of
interaction variables, it requires assumptions
guiding the selection of which individual co-
variate and choice attributes to use in the con-
struction of interaction variables in order to
distinguish the drivers of preference variation.
Similar limitations are suffered by another al-
ternative; that of specifying separate CL mod-
els for different groups of recreationists. More
importantly, neither of the above methods al-
lows the researcher to identify the probabil-
ity with which patterns of taste intensity are
present in the population, which instead can
be captured by LCM and RPL models, albeit
in different ways.

The RPL does not suffer from these limi-
tations and hence since its first introduction
in destination choice for outdoor recreation
by Train (1998) it has been widely adopted
(Breffle and Morey 2000; Parsons and Massey
2003). Similar success has been enjoyed by
this method in other areas of applied research
including transportation (Amador, Gonzales,
and Ortuzar 2005), consumer choices (Rev-
elt and Train 1998), health (Personn 2002),
and waste management (Layton 2000). A sec-
ond method of investigating heterogeneity
within RUM is Latent Class Analysis. Mc-
Fadden (1986) initiated work in this area to
develop market forecasts. In an attempt to ad-
dress heterogeneity of preference in a fash-
ion that can be more promptly communicated
to managers and does not involve complex
estimation methods, LCM applications were
also put forward (Boxall and Adamowicz 2002;
Provencher, Baerenklau, and Bishop 2002;
Morey, Thacher, and Breffle 2006). In another
application, Birol, Karousakis, and Koundouri
(2006) applied the model to preferences for
wetland attributes using a choice experiment
data set.

A number of studies have recently sought
to compare these two approaches to model-
ing heterogeneity in preferences. Provencher
and Bishop (2004) compare the recreation de-
mand forecasting performance of a CL model,
two RPL models; and a latent class (LC)
model. No model is found to be generally
superior to the others and, surprisingly, by
some measures a simple CL model does bet-
ter in out-of-sample forecasts than models de-
signed to capture heterogeneity in the popu-
lation. The results from this article illustrate
that with heavily parameterized econometric
models and a choice model that is misspec-
ified, the addition of parameters to denote
the heterogeneity of preferences will “absorb”
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specification errors and thus possibly generate
models inferior to those of a simpler model.

Welfare estimate comparisons from RPL
and LCM approaches can also be found in
stated preference studies on the value of travel
time (Greene and Hensher 2003) and on that
of service factors to water company customers
(Scarpa, Willis, and Acutt 2005). The latter pa-
per shows that as the number of classes in-
creases the distributions of individual-specific
estimates from the LC models approximates
(in shape) the distribution of an RPL model.
Provencher, Baerenklau, and Bishop (2002)
also compare welfare measures across LCM
and RPL, but their main focus is on whether
the random component of trip utility is seri-
ally correlated across trip occasions in the RPL
specification. In their article, the individual-
specific characteristics that influence latent
class membership (age and experience) were
neither found to significantly affect the means
of the random variables in the RPL model they
report, nor the membership probabilities in
the LCM. In contrast, in our data analysis we
find that individual’s characteristics (i.e., self-
rated kayaking skill) significantly affect both
the means of the RPL random parameters and
membership probabilities of the LCM. Both
models capture variability of taste in a way that
treats the role of individuals’ characteristics in
an equivalent manner. This article thus tries to
take this literature forward by (a) undertaking
a comparison of RPL and LCM approaches in
a way that uses an individual’s characteristics
to both shift the means of the random variables
in the RPL model and also to influence latent
class membership in the LCM; (b) by focusing
on the implications for welfare measures for

Table 1. Whitewater Sites and Associated Whitewater Grade and Average Perceived Level of
Attributes

Star Water Scenic Prior
Factor Grade Parking Crowding Rating Quality Quality Information

The Liffey 2/3 3.35 2.76 1.66 1.93 2.63 3.33
Clifden Play Hole 2 2.99 2.74 2.37 4.15 4 4.52
Curragower Wave 3 3.08 2.92 2.64 2.61 2.37 3.34
The Boyne 2/3 2.36 3.22 1.64 3.27 3.97 3.2
The Roughty 4 3.06 3.94 2.72 4.57 4.41 2.62
The Clare Glens 4/5 3.55 4.03 2.89 4.43 4.73 2.48
The Annamoe 3 3.16 2.98 2.11 4.13 4.02 3.02
The Barrow 2 2.58 3.65 2.88 4.13 4.38 2.56
The Dargle 4/5 3.88 4.13 1.32 3.43 3.68 3.13
The Inny 2 3.65 3.51 1.57 3.67 2.84 2.71
The Boluisce 2/3 2.85 3.6 2.04 4.26 3.43 2.98

Notes: The grade for each river is taken from the Irish Whitewater Guide book (MacGearailt 1996). Attributes are rated on a scale of 1 to 5, where 1 is poor
and 5 is excellent. In the case of crowding 1 means very crowded and 5 means uncrowded.

the average sample respondent; (c) by exam-
ining what the two approaches show about how
welfare effects are distributed across kayakers;
and (d) in discussing which circumstances are
best suited to the use of either approach. Our
data set affords a considerable degree of varia-
tion in recreational site characteristics because
we used perceived site quality measures, rather
than objectively observed site quality data that
inevitably induce more collinearity. We argue
that perceived measures are more relevant for
modeling-revealed preference data since one’s
perceptions of relative site qualities are what
counts in driving behavior, rather than objec-
tively determined measures. We know from
other research fields that perceptions and re-
ality may differ considerably for environmen-
tal characteristics, while it is perceived quality
that more likely determines where individuals
choose to visit (Adamowicz et al. 1997).

Study Design and Rationale

The initial steps in the empirical part of this
study were to identify the choice sets and
their relevant attributes for kayaking, in or-
der to specify the travel cost model. To ac-
complish this, focus groups were conducted
with kayakers from the university kayak club
in Galway, and a second group consisting of
seven kayakers who had no affiliations with
any particular kayak club. Discussions with
the Irish Canoe Union (ICU), and the experi-
ence of one of the authors with kayaking, also
helped in this process. Eleven principal white-
water sites were identified and are shown in
table 1 along with their grade. The site
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attributes chosen were quality of parking at
the site, degree of expected crowding at the
site, quality of the kayaking experience as mea-
sured by the star rating system used in The Irish
Whitewater Guidebook, water quality, scenic
quality, and reliability of water information.
Information was also collected on an individ-
ual’s travel distance and travel time to each
site. While including a “crowding” attribute in-
troduces potential problems of regressing de-
mand on capacity, our focus groups highlighted
this as an important river characteristic in mak-
ing their trip decisions.

The sampling frame was provided by two
Irish kayaker e-mail lists obtained from the
Outdoor Adventure Store (one of the main
kayak equipment outlet stores in Ireland)
and the Irish kayaking instruction company,
H2O Extreme. A random sample of these
e-mail addresses was selected, and ques-
tionnaires were emailed to these individu-
als, who were asked to complete and return
the questionnaire via email. To widen the
sample in terms of representativeness and
increase the number of completed surveys,
the questionnaire was also posted on the
homepage of the Irish Canoe Union website
(www.irishcanoeunion.com) and administered
at an organized kayaking meet on the Liffey
river in January 2004. A total of 315 surveys
were send via email. The response rate to the
email shot was 64%. From all collection points
a sample of 279 useable responses from kayak-
ers was acquired (202 from the e-mail shot,
forty-two from the on-site survey, and the re-
maining thirty-five from questionnaires down-
loaded from the website).

The majority of respondents were male
(78%). 70% of the sample was single, while
13% of those interviewed had children. The
mean income before tax was €27,634. Over
44% of kayakers had been paddling for five

Table 2. Summary Statistics of Respondents in Kayaking Survey

Mean Std. Dev. Min. Max.

Age in years 27.06 7.20 16 52
Educationa 1.27 0.48 1 3
Income (€, yearly) 27,554 21,891 5,000 90,000
Importance of kayakingb 1.26 0.71 1 4
Travel cost (€) 55.59 37.64 1.15 274.79
Discretionary time Available(days per year) 102.88 70.71 0 365
Number of years paddling 7.22 6.27 0.5 36
Number of trips per site 3.44 14.73 0 300

aEducation equal to 1 indicates primary school education, 2 indicates secondary-level education, and 3 indicates third-level education.
bImportance of kayaking as a recreational activity to the individual is measured on a Likert scale, 1–4.

years or less, with another 15% and 19% in-
dicating they had been kayaking for between
five and ten years and between ten and twenty
years, respectively. Overall respondents had
been kayaking for a minimum of 0.5 years, a
maximum of thirty-six years with the mean at
7.4 years. In terms of participation, 39% of all
respondents completed twenty kayaking trips
or less in a year, with the next largest group
completing from thirty to fifty kayaking trips
in the year. Table 2 presents some further sum-
mary statistics of the respondents in the survey.

Respondents were instructed to indicate
how many trips they had made to each of the
eleven whitewater sites in the previous year,
and were asked to rank the attributes for a
site so long as they had visited that site at
some point in the past. With regard to the
site attributes we had to decide whether to
use a subjective or an objective measure of
each characteristic. Following the approach
adopted by Hanley et al. (2001), each respon-
dent was asked to rate each of the eleven sites
in terms of the six attributes outlined above
(using a 1 to 5 likert scale system for each at-
tribute). The average perceived value of each
attribute for each destination is shown in ta-
ble 1. We assume most kayakers have, through
personal experience, a good knowledge of ma-
jor whitewater kayaking sites and that this al-
lowed them to use their own judgment to rank
each alternative site. These subjective ratings
of attributes were used as covariates in our site
choice models.

There is a potential trade-off here between
possible bias (if the use of subjective measures
leads to endogeneity) and a loss of efficiency
(if the loss of information from moving from
the individual to some sort of average or ob-
jective measure is important). The direction of
the possible bias will depend on whether the re-
spondent overestimates or underestimates the
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true value of the quality of the site attribute.
We also note that what constitutes a “higher”
or “lower” level of scenic quality will vary con-
siderably (and unobservably) across kayak-
ers. However, a strong argument can be made
that it is the perception of site qualities that
drives recreational choices, so that choice mod-
els should be specified in terms of perceived
attribute levels. However, policy decisions are
typically set in terms of objective measures of
attributes so a trade-off exists in what is more
useful in terms of predicting recreationalists’
behavior and the implementation of environ-
mental policy.

Other researchers have addressed this issue.
For example, Poor et al. (2001) examine the
convergent validity of objective and subjective
measures of water clarity for lakes in Maine us-
ing a hedonic property value study. They point
out that while objective data on attributes
such as water and air quality may be scientifi-
cally accurate, individual consumers are more
likely to make decisions based on their sub-
jective perceptions of these attributes, which
may or may not be correlated with scientific
measures. As such, Poor et al. (2005) demon-
strate that the use of the scientific measures
in hedonic price models may create an error-
in-variables problem for the estimation of im-
plicit prices of environmental quality. Of more
relevance to the research presented in this arti-
cle, Adamowicz et al. (1997) compared moose
hunters’ perceptions with objective measures
of hunting site amenities within a random-
utility model framework. Even though the ob-
jective and subjective measures of quality were
not quantified using directly comparable units
of measure, results indicated that the subjec-
tive measures yielded modest improvements in
the predictive capabilities of their site choice
models.

Rationale for Modeling Preference
Heterogeneity in the Kayaking Community

Within the sport of whitewater kayaking there
are a number of different specializations that
can help in developing the rationale for the
expected differences in preferences among
kayakers of different skill and experience lev-
els. River running involves the use of a paddle
to negotiate one’s kayak successfully through a
stretch of rapids on a river. Kayakers of differ-
ent proficiency levels will run rivers according
to the grade of the whitewater that suits their
skill level. Freestyle is when kayakers “park
and play.” They stay at the one river feature

and use that feature to surf their kayaks. This
area of the sport has had the most growth in the
last decade. It is very skill-intensive but is con-
sidered safer than river running. Whitewater
kayakers could also be categorized by the com-
petitive aspect of the sport in which he or she is
(or has been) involved. Long distance “k-boat”
kayakers or kayak polo enthusiasts will enjoy
rivers of lower grade. Slalom kayakers and wild
water racers will favor whitewater of grade 3 or
4 and will tend to have better kayak-handling
skills while Rodeo kayakers will probably have
the highest skills and will favor park and play
kayaking rather than river running. The key
point is that we would expect that these differ-
ent types of kayaker will place different values
on the site attributes we study.

Results

In this section we present the results of the
conditional logit model, which shows signifi-
cant coefficients for the site-attributes interac-
tions with kayaking skill (reported in table 3).
We contrast them with the panel mixed logit
models. These consist of an RPL model (RPL
in tables 5 and 6) and a latent class (LCM in
table 7) model. All models are estimated from
our (unbalanced) panel of respondents, pro-
viding a total of data set of 3,466 kayaker site
choice observations. Statistics of model perfor-
mance are summarized in table 4. In all models,
the dependent variable (whitewater site visit)
takes a value of 1 if a kayaker has made a trip to
whitewater site i in each of the kayaking trips
taken in the previous twelve months and zero
otherwise. As explanatory variables for choice
probabilities we used travel cost and six site at-
tributes; parking, crowding, star rating, water
quality, scenery, and prior information on wa-
ter levels. The other choice variables are con-
stants for specific groupings of the kayaking
sites.

Table 3 outlines which sites belong to which
grouping. The grouping was determined by
an initial specification search. In all models
the excluded site dummy is the Liffey. Fol-
lowing the example of other researchers (see,
for example, Morey, Rowe, and Watson 1993)
we truncate our sample of respondents by us-
ing a ceiling of 40 trips per year to focus our
analysis on those who participate in kayak-
ing from a recreational point of view rather
than a competitive one. The RPL models were
estimated with BIOGEME (Bierlaire 2005)
using maximum simulated likelihood (MSL)
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Table 3. Conditional Logit Model, All Trips

Coefficient t-Stat

Travel cost −0.07 −27.57∗

Quality of parking 0.01 0.42
Crowding 0.02 0.57
Star quality of the whitewater site 0.22 4.52∗

Water quality −0.08 −1.96
Scenic quality 0.04 0.99
Availability of information on water levels 0.12 3.47∗

Advanced skill∗Travel cost 0.03 9.20∗

Advanced skill∗Quality of parking 0.05 1.11
Advanced skill∗Crowding 0.04 0.77
Advanced skill∗Star quality 0.19 2.95∗

Advanced skill∗Water quality 0.16 3.84∗

Advanced skill∗Scenic quality −0.14 −2.83∗

Advanced skill∗Available information on water level 0.04 0.78
River grouping 1 (Barrow, Boluisce and Clare Glens)a −1.46 −16.75∗

River grouping 2 (Annamoe, Roughty, Inny)a −2.4 −18.98∗

River grouping 3 (Boyne, Curragower Wave)a −0.85 −9.37∗

River grouping 4 (Dargle) −0.7 −11.06∗

River grouping 5 (Clifden Play Hole) −0.25 −2.15∗

Note: Single asterisk (∗) indicates significance at 5%.
aSpecification searches based on conditional logit models showed that individual dummies for the eleven whitewater sites showed es-
timated coefficients that were not statistically significant across certain sites and these were combined in a single constant for a number of sites.

estimation procedures and the CFSQP algo-
rithm (Lawrence, Zhou, and Tits 1997), while
the LCM models were estimated using Latent
Gold choice (Vermunt and Magidson 2005), by
using 50–100 random starting points (depend-
ing on the number of classes) and a combi-
nation of expectation-maximization (EM) and
Newton algorithms to avoid the problem of lo-
cal maxima. The ordinary least squares (OLS)
regression of the predicted probabilities by the
RPL model on a constant and the predicted
probabilities by the selected LCM model has
an R2 of 82%, thereby showing that the two
models have similar predictive ability.

Table 4. Criteria for Number of Classes

Classes Log Lik. BIC AIC crAIC AIC3 N. Parameters

1 −6,521.6252 13,106.65 13,067.25 13,091.12 13,079.25 12
2 −6,170.1723 12,477.71 12,392.34 12,624.96 12,418.34 26
3 −6,036.3876 12,284.1 12,152.78 13,041.55 12,192.78 40
4 −5,948.1733 12,181.64 12,004.35 14,363.5 12,058.35 54
5 −5,889.0901 12,137.44 11,914.18 17,086.46 11,982.18 68
6 −5,845.2266 12,123.68 11,854.45 21,973.11 11,936.45 82
7 −5,817.4254 12,142.04 11,826.85 30,262.73 11,922.85 96
8 −5,789.5473 12,160.25 11,799.09 43,976.04 11,909.09 110
9 −5,756.3315 12,167.78 11,760.66 66,774.75 11,884.66 124
10 −5,742.5555 12,214.19 11,761.11 105,988.5 11,899.11 138
11 −5,731.1798 12,265.41 11,766.36 178,344.2 11,918.36 152
RPL −5,984.82 12,112.29 12,023.64 12,284.64 18,035.40 27

Results from the Random Parameter
Logit Model

Following an extensive specification search
based on improvements on the simulated log
likelihood at a maximum, we settled on the
RPL model whose results are presented in
tables 5 and 6. The search investigated alter-
native distributions for the travel cost param-
eters (e.g., uniform, S-b), interaction effects
with some socioeconomic covariates as well as
various specifications of the Cholesky matrix,
each implying different correlation patterns in
the distribution of tastes. It also investigated
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Table 5. Random Parameters Logit Model, All Trips

Mean Mean

Travel Cost −2.87 River grouping 1 −1.43
(−51.67)∗ (Barrow, Boluisce, and Clare Glens) (−9.35)∗

Quality of parking 0.2 River grouping 2 −2.31
(3.23)∗ (Annamoe, Roughty, Inny) (−8.76)∗

3.6
Crowding 0.1 River grouping 3 −0.67

(0.83) (Boyne, Curragower Wave) (−0.18)
1.83

Star quality of the whitewater site 0.13 River grouping 4 (Dargle) −0.78
(1.86) (−6.54)∗

2.28
Water quality −0.13 River grouping 5 (Clifden Play Hole) −0.38

(−2.11) (−1.93)∗

−2.35
Scenic quality −0.01 Water quality – Skill level interaction 1.35

(−0.41) Dummy (1.95)∗

−0.25
Availability of information on water 0.14 Star quality of the whitewater site – 3.21

levels prior to visiting the site (2.64)∗ Skill level interaction dummy (2.75)∗

2.45
Attribute Covariates

Star Quality – Crowding 0.26 Availability of information - −0.08
(2.87)∗ Water quality (−1.46)

Availability of information – Crowding 0.22 Scenic quality – Star quality −0.12
(2.61)∗ (−1.72)

Availability of information – Star quality 0.41 Scenic quality – Water quality −0.46
(10.02)∗ (−7.51)∗

Notes: Figures in parenthesis indicate t-statistics and figures in italics indicate marginal willingness-to-pay estimates for each site attribute evaluated at its
mean. A single asterisk (∗) indicates significance at 5%.

various interactions with socioeconomic co-
variates. Initial years of experience in kayaking
activity were also used as a plausible variable to
explain the source of heterogeneity of taste.
For example, this is found to be a significant
variable for class membership in LC count
models of total visitation demand to the Alps
by Scarpa, Thiene, and Tempesta (2007). How-

Table 6. Estimates and Asymptotic z-Values for Cholesky Matrix

Parking Crowding Star Rating Water Quality Scenic Information ln(-TC)

Parking 0.518
(11.1)

Crowding 0.296
(4.5)

Star rating 0.225 0.226
(3.5) (3.3)

Water quality 0.101
(1.2)

Scenic −0.122 −0.463 0.359
(−1.7) (−8.1) (7.8)

Information 0.217 0.405 −0.0758 0.2
(4.2) (7.6) (−1.9) (5.1)

ln(-TC) 0.669
(12.5)

ever, the combined evidence suggests that in
our data set only the level of kayaking skill
significantly improves model fit and usefully in-
forms class segregation and taste distributions.
For the sake of parsimony the coefficients for
site-specific group dummies are specified as
fixed and so were those for the interaction
variables between attributes and skill level,
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which consistently showed significance. The
negative of the travel cost coefficient was as-
sumed lognormally distributed, while the other
six site attribute coefficients were assumed to
be normally distributed, so that negative as
well as positive values for site attributes are
permitted.1

The conventionally reported test of statis-
tical significance from zero is meaningless for
mean parameters if these have an associated
standard deviation estimate that is significant
(or another line elements of a Cholesky ma-
trix). Together the two estimates allow an in-
ference of what proportion of the population
dislike a given attribute, and of the degree
of correlation in taste attribute variation. Un-
der normality a negative mean/median implies
that a majority of people dislike the attribute.
This is recorded for Water and Scenic Qual-
ity. Most people, though, like Parking Quality,
Crowding, Star rating, and Availability of In-
formation. Since eleven of the twenty-one el-
ements of the Cholesky matrix presented in
table 6 are significant at the 5% level, this sup-
ports the existence of a correlation structure
across varying taste intensities. Note that this
is true even though we allow for the means of
the random parameters on our site attributes
to depend on a personal characteristic (self-
reported skill). This echoes results from Revelt
and Train (1998) and Scarpa, Philippidis, and
Spalatro (2005), who found that significant un-
observed heterogeneity still remained even af-
ter including several demographic variables in
interactions with choice attributes. This result
is consistent with the fact that preferences vary
considerably more than can be explained by
observed characteristics of people. The white-
water group dummies are all significant and all
sites display a negative sign indicating that the
reference site has a higher share of visits.

1 When specifying some of the coefficients, such as scenery and
water quality, to follow a lognormal distribution, we failed to get
the model to converge. Following Brownstone and Train’s (1999)
example we explored the use of lognormal distributions to circum-
vent this problem. However, the model still failed to converge.
Therefore, our model treats all noncost coefficients as random and
normally distributed. Restrictions in the choice of distributions are
stronger when using maximum simulated likelihood because of its
reliance on gradient methods to find the maximum (Rigby and
Burton 2005; Train and Sonnier 2005), but more choice exists when
using hierarchical Bayes estimation (Sillano and Ortuzar 2005) in
which convergence is determined on the basis of the stability of
posterior draws. Added flexibility (e.g., multimodal distributions)
can be obtained by using semi-nonparametric approaches based
on polynomials (Fosgerau and Bierlaire 2007; Scarpa, Thiene, and
Marangon 2008).

Results from the Latent Class Model

With respect to the definition and testing of hy-
pothesis on the number of classes in the latent
class model the conventional specification tests
used for maximum likelihood estimates (like-
lihood ratio, Lagrange multipliers, and Wald
tests) are not valid as they do not satisfy the
regularity conditions for a limiting chi-square
distribution under the null. Therefore, in or-
der to decide the number of classes with dif-
ferent preferences, we use an information cri-
teria statistic developed by Hurvich and Tsai
(1989). The information criteria statistic (C) is
specified as − 2lnL + J' where lnL is the log
likelihood of the model at convergence, J is the
number of estimated parameters in the model,
and ' is a penalty constant.

There are a number of different types
of information criteria statistics that can be
employed. Each one depends on the value
taken by the penalty constant '. For ' = 3
we obtain the Akaike Information Criteria
(AIC); for ' = ln(N) we obtain the Bayesian
Information Criteria (BIC) and finally, for
' = 2 + 2(J + 1)(J + 2)/(N − J−2) we have the
corrected AIC (crAIC), which increases the
penalty for the number of extra parameters
estimated. Even though these criteria statis-
tics are very useful in deciding on what the op-
timum number of classes is, they have been
shown to fail some of the regularity condi-
tions for a valid test under the null (Leroux,
1992). In a recent Monte Carlo study Andrews
and Currim (2003) concluded that the AIC 3
(the AIC with a penalty factor of 3) was the
best segment-retention criterion to use across
a large variety of multinomial data configura-
tions. They did, however, indicate that it is un-
realistic to assume that one segment-retention
criterion is best for mixtures of all types of dis-
tributions in all situations. For this reason we
examine three alternative information criteria
statistics.

The values for the selected information cri-
teria of different preference groups are re-
ported in table 4. The BIC statistic indicates
that there are six classes with satisfactory pa-
rameter estimates. Having said this, the crAIC
would indicate two classes with satisfactory pa-
rameter estimates, while the AIC and the AIC3
indicate as many as nine. The information cri-
teria provide guidance on the number of la-
tent classes to choose (Thacher, Morey, and
Craighead 2005). As Scarpa and Thiene (2005)
point out, however, this decision also requires
the discretion of the researcher. In particular,
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they state that “the chosen number of classes
must also account for significance of param-
eter estimates and be tempered by the ana-
lyst’s own judgment on the meaningfulness of
the parameter signs.” We hence choose only
to report the LCM estimate for six classes, as
the two-class model mostly showed insignifi-
cant attribute coefficients, while nine classes
are simply too numerous. The indirect utilities
for class 4 and 5 also have a high number of
insignificant parameter estimates.

The basic specification of the LCM model
is the same as that of the RPL model. We
specify our latent classes as a function of the
kayak-handling skill of the kayaker (skill takes
the value zero if the kayaker has basic or
intermediate kayak-handling skills and one if
he or she has advanced kayak-handling skills).
The results of the latent class model with
six class segments are presented in table 7.
For each site attribute we report coefficient
estimate, asymptotic z-value, and marginal
WTP. The latter facilitates comparisons across
classes since direct comparison of coefficient
values is not very meaningful. Classes are or-
dered on the basis of their share in the sam-
ple, which varies from 34% (class 1) to 4%
(class 6). Travel costs coefficients are negative
and significant in all classes, while quality of
information is significant in none, so classes
are mostly characterized by the variation of
intensity and significance of estimates for co-
efficients of other attributes.

Star quality and scenic quality tend to be sig-
nificant in smaller share classes. Kayakers in
class 1, with the largest share, seem to be sig-
nificantly driven in site selection only by the
amount of crowding, while those in class 2
only by quality of information and star qual-
ity. This last feature—instead—is strongly dis-
liked by kayakers in class 3 (share of 16%), who
also dislike scenic quality. Selection of sites for
members in class 4 (share of 14%) is positively
driven by quality of parking and star quality,
but negatively driven by crowding and scenic
quality. Class 5 and 6 account for less than 12%
of shares and we omit a discussion of their pref-
erences here. Water quality does not seem to be
very relevant in site selection. This is not sur-
prising as kayakers do not generally take much
notice of the quality of the water unless the
pollution levels are extreme. Indeed, the most
frequented white water site in our sample was
the “Sluice” whitewater site on the river Liffey,
which is the most polluted of the whitewater
sites considered in this analysis.

For our six-class model of table 7, we would
speculate that class 5 is representative of the
basic- or intermediate-skilled river running
kayaker, favoring higher star rated runs, un-
crowded rivers, and good parking facilities.
The probability of any kayaker in our sample
being described by this class is low at only 0.07.
Class 6 kayakers could be thought of as the
more advanced-skilled, river running kayak-
ers. From the estimated coefficients it can be
seen this group also prefer higher star qual-
ity runs, uncrowded rivers, and good parking
facilities. They also prefer more scenic white-
water sites. These individuals have more expe-
rience and skill so they can afford to take in
the beauty of the scenery around them rather
than focusing completely on getting down the
river in one piece as may be the case for the less
experienced river runner described by class 5
(scenic quality coefficient has a negative sign
for class 5).

Class 3 kayakers could be thought of as com-
petitive, long distance “k-boat” racing kayak-
ers. From the estimated coefficients it can be
seen this group would appear to be uncon-
cerned about the water quality, parking, or
prior information on water levels attributes of
the river. They prefer lower star rated runs that
are less scenic. Basically, they simply require a
venue to train and race. Class 4 kayakers could
be thought of as the freestyle or playboating
kayakers with more advanced kayak-handling
skills. From the estimated coefficients it can be
seen that this group prefer good parking fa-
cilities but prefer having more people on the
water with them (negative sign on the crowd-
ing coefficient), perhaps to show their freestyle
moves off to. They are positively concerned
about water quality (since they are likely to
be in (and under) more turbulent whitewater,
polluted water could have much more serious
health consequences). The star rating of the
site also appears to be important (significant)
for this group, which is what one would expect.

We would speculate that class 1 represents
the less-skilled freestyle playboaters. As can be
seen from the signs on the coefficients these
kayakers prefer (as we would expect) better
parking facilities, proper prior information on
water levels, and uncrowded playspots. Judg-
ing by the negative sign on the star rating co-
efficient and positive and significant sign on
the crowding variable this group also prefers
easier features to learn their freestyle moves
where fewer people are present to get in their
way. Finally, class 2 kayakers could be thought
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Table 7. Latent Class Model, Six Classes

Class 1 Class 2 Class 3 Class 4 Class 5 Class 6

Travel cost −0.12 −0.06 −0.01 −0.03 −0.13 −0.07
(−19.9)∗ (−14.2)∗ (−4.8)∗ (−5.0)∗ (−6.7)∗ (−5.8)∗

0.15 −0.11 0.06 0.19 0.59 2.15
Quality of parking (1.6) (−1.6) (1.2) (1.8)∗ (3.9)∗ (7.0)∗

1.25 −1.83 6.00 6.33 4.54 30.71
0.23 −0.09 −0.05 −0.14 1.61 0.91

Crowding (3.0)∗ (−1.4) (−1.0) (−2.6)∗ (10.3)∗ (2.2)∗

1.92 −1.50 −5.00 −4.67 12.38 13.00
−0.02 0.65 −0.34 0.4 2.02 2.2

Star quality of the whitewater site (−0.1) (3.6)∗ (−3.9)∗ (4.9)∗ (4.6)∗ (4.5)∗

−0.17 10.83 −34.00 13.33 15.54 31.43
−0.13 0.02 0 0.04 −0.44 0.52

Water quality (−1.1) (0.2) (0) (0.5) (−2.3)∗ (1.4)
−1.08 0.33 0.00 1.33 −3.38 7.43
−0.15 0.08 −0.11 −0.32 −0.37 0.51

Scenic quality (−1.6) (1) (−2.0)∗ (−2.8)∗ (−2.3)∗ (2.3)∗

−1.25 1.33 −11.00 −10.67 −2.85 7.29
Availability of information on water −0.06 0.13 −0.05 0.02 −0.06 0.33

levels prior to visiting the site (−0.7) (1.9)∗ (−0.8) (0.4) (−0.3) (1.2)
−0.50 2.17 −5.00 0.67 −0.46 4.71

River grouping 1 −1.56 −1.52 −1.53 −0.38 0.83 −8.59
(Barrow, Boluisce, and Clare Glens) (−5.3)∗ (−5.3)∗ (−10.6)∗ (−1.5) (1.5) (−9.4)∗

River grouping 2 −10.33 −2.79 −0.19 −1.92 −3 −9.31
(Annamoe, Roughty, Inny) (−17.3)∗ (−9.7)∗ (−0.8) (−4.0)∗ (−2.2)∗ (−10.5)∗

River grouping 3 −1.3 −0.95 0.04 −0.54 −1.16 −5.31
(Boyne, Curragower Wave) (−4.3)∗ (−4.3)∗ (0.2) (−1.5) (−1.6) (−7.3)∗

River grouping 4 (Dargle) −0.85 −0.56 −0.61 −0.82 0.85 −3.96
(−4.6)∗ (−3.5)∗ (−3.9)∗ (−3.0)∗ (2.3)∗ (−6.2)∗

River grouping 5 (Clifden Play Hole) 0.44 −0.68 −0.57 0.58 7.12 −3.78
(1.1) (−2.2)∗ (−2.3)∗ (1.9) (6.2)∗ (−3.2)∗

Class probability
Constant 1.59 0.42 −0.64 0.11 0.11 −1.59

(6.2)∗ (1.2) (−1.4) (0.3) (0.3) (−1.8)∗

Kayak-handling skill −1.35 1.3 2.07 0.71 −4.18 1.45
(−2.9)∗ (3.1)∗ (4.1)∗ (1.5) (−9.2)∗ (1.5)

Mean posterior probability estimates 0.34 0.26 0.16 0.14 0.07 0.04
Log likelihood −5,845.23

Notes: Figures in parenthesis indicate z-statistics and a single asterisk (∗) indicates significance at 5%. Figures in italics indicate marginal willingness-to-pay
estimates for each site attribute evaluated at its mean.

of as the competitive rodeo kayaker or com-
petitive wild water or slalom kayakers. The star
rating of the river or play spot is the only signif-
icant concern of these individuals. This group
of kayakers could be considered perhaps the
highest skilled of any of the classes and would
be described by their kayaking peers as “ex-
treme” playboaters or river runners.

The individual-specific posterior class prob-
abilities were calculated as outlined in
section 3. The average values for class seg-
ments 1, 2, 3, 4, 5, and 6 were found to be
0.34, 0.26, 0.16, 0.13, 0.06, and 0.03, respec-
tively. We use the individual-specific posterior
class probabilities in the next section, where

the estimated results from the RPL model and
the latent class model will be used to look at
the welfare impacts of a number of whitewater
site changes.

Welfare Impacts of Site Changes

Estimating the welfare effects of changes in
the quality or supply of environmental goods
is the main objective of most environmental
valuation studies. In this section, we therefore
consider the implications for welfare measures
of the choice between latent class and random
parameter approaches, for a number of pol-
icy scenarios. These include (a) a €3 parking
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Table 8. Welfare Change from Policy Scenarios Per Kayaker Per Choice Occasion from RPL Model
Perceived Water Quality Perceived Star Rating

€3 Parking Fee at Liffey Improvement at Liffey Increase for the BarrowRPL
Quantiles Representative Skilled Unskilled Representative Skilled Unskilled Representative Skilled Unskilled

0.025 −1 −1.05 −0.91 −3.11 −2.71 −3.81 −0.4 −0.35 −0.45
0.05 −0.87 −0.92 −0.79 −2.22 −1.9 −2.75 −0.29 −0.25 −0.32
0.1 −0.74 −0.78 −0.66 −1.39 −1.19 −1.69 −0.18 −0.16 −0.2
0.5 −0.34 −0.35 −0.31 0.75 0.65 0.9 0.12 0.11 0.13
0.9 −0.13 −0.13 −0.12 6.56 5.84 7.62 1.97 1.76 2.16
0.95 −0.09 −0.09 −0.09 9.72 8.7 11.3 3.4 3 3.72
0.975 −0.07 −0.07 −0.07 13.45 12.11 15.59 4.92 4.34 5.35
Mean −0.39 −0.41 −0.36 1.89 1.7 2.2 0.67 0.59 0.73

Source: Calculated from model results reported in table 5 and based on 10,000 draws from the estimated population distribution.

fee being introduced at the put-in to the Lif-
fey river, (b) a policy aimed at increasing by
one unit, the perception of water quality also
at the river Liffey, and finally (c) a policy aimed
at increasing by one unit the perception of star
quality at the river Barrow. The welfare results
based on the CL model of table 3 yield wel-
fare estimates for the representative kayaker
of −1.36, 0.34 and 3.15 for each scenario,
respectively.

The welfare results based on the RPL and
the LCM are shown in tables 8 and 9 and all
results are based on the tastes of a representa-
tive kayaker (the average perceived attribute
ratings in the sample) and refer to a trip se-
lection occasion. We also report estimates for
skilled and unskilled kayakers, since this vari-
able was found to be associated with hetero-
geneity of tastes, and the two conditions are
mutually exclusive. The RPL provides a dis-
tribution of Consumer Surplus (CS) values,
which we have simulated with 10,000 normal
draws computing equation (5) and ordering
the results to identify percentiles. The aver-
age values of these are used as an approxi-

Table 9. Welfare Change from Policy Scenarios Per Kayaker Per Choice Occasion
from LCM Model

Perceived Water Perceived Star
€3 Parking Quality Improvement Rating Increase

Class (Share) Fee at Liffey at Liffey for the Barrow

Class 1 (0.34) −0.30 (0.21) −0.45 (0.24) −0.24 (0.12)
Class 2 (0.26) −0.54 (0.32) 0.05 (0.08) 0.03 (0.01)
Class 3 (0.16) −3.13 (0.18) −0.03 (0.02) −0.01 (0.01)
Class 4 (0.14) −1.28 (0.12) 0.27 (0.14) 0.14 (0.04)
Class 5 (0.07) −0.27 (0.22) −0.03 (0.04) −0.02 (0.03)
Class 6 (0.04) −0.51 (0.25) 5.29 (2.30) 2.66 (1.80)
Representative kayaker −0.33 (0.12) 1.19 (0.42) 0.6 (0.22)
Representative skilled −0.36 (0.18) 1.22 (0.38) 0.61 (0.24)
Representative unskilled −1.61 (0.28) 1.17 (0.42) 0.59 (0.34)

Source: Calculated from model results reported in table 7 (Krinsky-Robb approximation to standard errors in parentheses).

mation to equation (6). Introducing an access
fee to Liffey produces a median loss of €0.34,
with a mean of €0.39. Skilled kayakers suf-
fer a bit more than unskilled ones. Increas-
ing by one unit the water quality rating at the
Liffey produces a loss for some and a gain for
others. Gains exceed losses as the simulated
mean is €1.89 per choice occasion, and the
mean gain is slightly smaller for skilled (€1.70)
than for unskilled (€2.20) kayakers. Increasing
the perceived star rating for the representative
kayaker for the river Barrow gives a distribu-
tion with much smaller variance and a mean
value of €0.67 per choice occasion. For the
skilled representative kayaker the mean value
is slightly smaller (€0.59) than for the unskilled
one (€0.73).

Table 8 reports the equivalent distribution of
CS estimates for the LCM model. These vary
across class, with each class having a specific
CS estimate. For the access fee at the Liffey the
overall (weighted) mean across classes for the
representative and the skilled kayaker is very
similar to the mean of the distribution obtained
by RPL, but it is higher by a factor of over four
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for the unskilled kayaker. For changes in water
quality perception at the Liffey we notice that
RPL estimates are about one-third higher than
the LCM ones, but the discrepancy is within
sampling variation. The LCM estimates for a
star rating increase at the Barrow are remark-
ably similar to those obtained by RPL.

Conclusions

This article examined alternative ways of mod-
eling heterogeneity of tastes for an outdoor
recreational good. We contrasted two model-
ing techniques, namely, the random parame-
ter logit model and the latent class model and
used them to explain whitewater site choice in
Ireland. We then derived welfare estimates re-
lating to three policy scenarios relating to per-
ceived changes in the quality of the kayaking
experience at two of the whitewater sites. The
distribution of these welfare estimates were
derived conditional on factors that determine
taste changes among kayakers; in our case, skill
level. What this article contributes to the liter-
ature is a comparison of two models on data
based on perceived, rather than measured at-
tributes, where the individual-specific charac-
teristic of skill level is allowed to both shift
the means of the random variables in the RPL
model and to influence latent class member-
ship in the LCM.

Given the relatively small sample size and
the method by which our sample was self-
selected (in particular the 77 respondents who
either downloaded the questionnaire from the
website or took part in the on-site portion of
survey) it would be wise to take a cautious view
as to how representative these results are of the
population of Irish kayakers. The results pre-
sented in the article, therefore, must be viewed
as conditional upon the, in part, self-selected
sample.

There was considerable difference in the
value of the welfare estimates across the skill
levels within both the RPL and latent class
models. The RPL model implies that skilled
kayakers on average experience larger welfare
impacts from all of the policy scenarios con-
sidered compared to their unskilled counter-
parts. This finding does not hold true for the
latent class model. In this case the mean gain
for both the perceived increase in water quality
at the Liffey and the perceived increase in the
star rating at the river Barrow is slightly larger
for unskilled than for skilled kayakers. Overall
however, the estimated welfare impacts of the

investigated policy scenarios for the represen-
tative kayaker are remarkably similar between
the two approaches. So does choice of method
for incorporating preference heterogeneity ac-
tually matter? And how can we judge which
approach to modeling unobserved preference
heterogeneity is preferable?

Provencher and Moore (2006) have argued
that this choice should depend on what one
believes about underlying preferences. If they
are really unique to individuals (they use the
idea of a fingerprint), then the RPL approach
makes more sense. The RPL method also iden-
tifies which attributes have significant levels
of heterogeneity in preferences, and quanti-
fies the degree of the spread of values around
the mean. However, the analyst must impose
a distributional form on preferences, and wel-
fare estimates are known to be quite sensitive
to this choice. Moreover, allowing for a full
pattern of correlation between preference pa-
rameters can be difficult, since this entails the
estimation of (k2−k)/2 additional parameters
with k varying parameters.

If we think, on the other hand, that the
spread of preferences is “lumpy,” such that
broad classes of people exist with rather similar
values to each other, but rather different values
to everyone else, then the latent class approach
makes more sense. Preferences can now move
together between groups, so that the “prob-
lem” of preference correlation is, in a sense,
endogenized. In our latent class analysis we
presented evidence in favor of the existence of
six distinct preference groups, partly explained
by skill levels, and we were able to provide an
intuitive explanation for what types of kayak-
ers populate each group. The latent class ap-
proach also generates additional information
that is potentially very useful to recreational
site managers, simply by identifying groups
of like-minded users with particular demands
(Morey, Thacher, and Breffle 2006). For exam-
ple, knowing that freestyle kayakers are likely
to be the only group found at a site such as Clif-
den allows us to concentrate on the parameter
estimates of class 1 and 4 in our LC model when
appraising maintenance or improvement plans
for this whitewater destination.

In terms of future research, it would be in-
teresting to compare the coefficient results of
the models presented, which are based on re-
spondents’ subjective ratings of the whitewater
site attributes, to the coefficients from mod-
els where the attribute measures are exoge-
nously specified by the researcher—although
this would be difficult for attributes such as
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landscape quality. It would also be interesting
to see by how much the corresponding welfare
estimates deviate. Another area for future re-
search would be to compare the results of the
continuous mixed logit model (the LC model)
employed in this article to the mass-point
mixed logit model. Compared to the continu-
ous mixed model, the mass-point mixed model
reduces computational time significantly and
is free from simulation biases as it has a
closed form formulation (Dong and Koppel-
man 2003). It also relaxes the need to make a
priori assumptions on the distribution of pa-
rameters. It would be interesting to test if re-
laxing this distribution assumption (to a mass-
point distribution) might result in too simple a
representation for the complicated taste vari-
ations across the kayaking population.

Randall (1997) foresaw the changes in
nonmarket valuation research methodologies
when he said “the future belongs to a broad-
based research program of learning about pref-
erences from what people tell us, whatever it
takes.” This article has compared two possi-
ble methodologies that attempt to implement
Randall aspirations. We would argue that the
latent class method has an advantage over the
RPL approach even though in this case few
differences emerge empirically in the welfare
estimates, in its powerful combination of being
able to specify a model that simultaneously es-
timates the marginal benefits associated with
different attributes for different groups, and
assigning group membership. We believe that
the LCM approach may offer a much more in-
depth understanding of the heterogeneity of
recreational preferences than the RPL model.
The latent class model, put simply, provides a
greater range of potentially useful information
for natural resource managers.

[Received February 2006;
accepted January 2008.]
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