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Abstract

In this paper, we present an extension of Shaw’s (1988) and Englirhan&v8ler’s
(1995) count data travel cost models corrected for on-site santpliagoanel data
setting. We develop a panel data negative binomial count datd thatleorrects for
endogenous stratification and truncation. We also incorporatteit Iclass structure
into our panel specification which assumes that the obsengatire drawn from a
finite number of segments, where the distributions diffethia intercept and the
coefficients of the explanatory variables. Results of this inm@ecompared to some
of the more common modelling approached in the literatune. chosen models are
applied to revealed and contingent travel data obtained fremnvay of visitors to a
beach on the outskirts of Galway city in Ireland. The papgues that count data
panel models corrected for on-site sampling may still bdeigaate and potentially
misleading if the population of interest is heterogeneous wather to the impact of

the chosen explanatory variables.
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Introduction

The Travel Cost Method (TCM) of non-market valuation, basethercount nature
of recreation trips, can only measure values associatedtiaticurrent use of a
recreational site. However an analyst, site managgrobicy maker may be more
interested in the value to the user of potential changdettatilities of a site or the
value associated with some environmental change at the Sséeed preference
techniques such as contingent valuation are particularly soitestimating the value
of these hypothetical changes in non-market goods. An extensio@Nb slirveys
therefore has been to supplement the usual questions relatipd taken with one or
more contingent behavior questions where recreationalists kesl ag state the
number of trips they would take given either changes in ity or varying
percentage changes in trip prices. This revealed and contiegpoinse data can then
be used in count data models to estimate the change in aveaociate with the
change in the site or environmental attribute (Hanley e2@0.3).

Combining revealed preference information and intended behargsponses
involves obtaining multiple responses from the same individualpdisted out by
Loomis (1997) an individual’'s multiple responses will likely be elated due to
individual specific but unobservable taste parameters. Stargtatidtical count
models fail to account for this correlation and are therefoedficient'. Panel
estimators such as fixed and random effects poison and nebatowmial models
have been previously employed to account for the possible corretdtiomultiple

responses of the same individual (Greene, 2008).

LIt has also been previously noted that estimates TCM models that combine both stated and reddsie
information should result in more efficient paraeretstimates as more information on the same seidsgrlying
preferences is employed in constructing the esém@ilanley et al. 2003).
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Endogenous stratification and truncation are two important isSuedevance
for on-site collected contingent behaviour data and the assoqianel count data
models. Truncation refers to the fact that on-site data emntaiormation on active
visitors only and is therefore truncated at positive demandifs tb the site (Shaw,
1988 and Englin and Shonkwiler, 1995). Secondly, an on-site survey istsiobibe
problem of endogenous stratification. Due to the method of datactioii the
likelihood of being sampled depends on the frequency with whichdavidual visits
the site.

To date, few attempts have been made to account for tresde sampling
issues in panel data count models. Papers that have dorevesdodéen Egan and
Herriges (2006), Beaumais and Appéré (2010) and Moeltner and Shon(20ie).
Egan and Herriges (2006) developed random effects mixed Poggg@ession models
to jointly model observed and contingent behaviour data and to cdoreon-site
sampling and Beaumais and Appéré (2010) address on-site samplegyusthin the
framework of a random-effect Poisson gamma model. Moeltndr Shonkwiler
(2010) also employ a Poisson-lognormal model that accounts for csasitging In
their case the focus is on the estimation of trip densarti economic benefits for
visitors to recreation sites when past-season trip irdtom is elicited from
respondents intercepted on-site.

However, even these models may be inadequate and potentialgading if
the recreational group of interest is heterogeneous withecedo the impact of
explanatory variables. We account for this issue in this papextending a panel
negative binomial model that accounts for endogenous stratficatid truncation to
account for unobserved heterogeneity through the use of a latentnubaieding

framework which assumes that the observations are drawn friamteanumber of
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segments, where the distributions differ in the interceptthadcoefficients of the
explanatory variables.

In what follows we first discuss (section 2) the use of pda& or contingent
behaviour TCM models in the literature with particular regarstudies that used on-
site data and review the alternative approaches used tmrdactor endogenous
stratification and truncation. Section 3 then presents our extep$i&@mglin and
Shonkwiler’'s specification to a panel data negative binomial cdat&d model that
corrects for endogenous stratification and truncation and atesafbr unobserved
heterogeneity in the population. Section 4 provides a descripfitime recreational
beach site used in the application of our models and includkeefadescription of
survey design and data collection procedures. Our estimationtsrem@ then
presented in section 5. Finally, the paper concludes withcasti®n of its major

findings and their implications for recreational demand modelling

The Contingent Behaviour Modelling Approach and accounting for Orsite
Sampling in Panel Data Count Models

There have been several attempts in the literature tbioenthe TCM revealed
preference method and stated preference contingent valuggproaahes to non-
market valuation in the form of the contingent behaviour mades is done with the
objective of measuring the welfare impact of a hypothetibahge in implicit price
or in environmental quality (Whitehead et al., 2008b). Usudilig, variation in site or
environmental quality is obtained through a stated change in hypaihetsits.
Examples of the use of the Contingent Behaviour TCM approackcieational

demand modelling include Englin and Cameron (1996), Hanley @&0413), Alberini
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and Longo (2006), Christie et al. (2007), Hynes and Cabhill (2008), MarEspineira
and Amoako-Tuffour (2008) and Beaumais and Appéré (2010)

While the majority of contingent behaviour studies use panetrrétian pooled
count data specifications (although studies such as Eisete&ah(2000) and Hesseln
et al. (2004) used pooled poisson specifications only) other appsoaate included
panel data ordinary least squares models (Englin and Camerorl), 198&ry probit
and random effects probit models (Loomis, 1997), panel tobit modetv€¢da et al.,
2003) and pooled generalised least squares modelling approadbesnfAet al.,
2007). What does stand out from the literature is the facttkmatcorrection for
endogenous stratification and truncation in contingent behaviouelmbes, until
very recently, been largely ignored.

To avoid dealing with the issue of truncation in panel coutd dpecification
many studies have discussed their per trip welfare estsnaat being representative of
their sample only and not of the general population of usersHargey et al. 2003;
Starbuck et al., 2006; Christie et al., 2007). Indeed, Hanle}. é2003) note that
since they do not adjust their model to take account of thosedodisgithat currently
do not make a single trip to the beach site under investigatierresulting welfare
estimates relate only to those who currently visit the lba#te. They also point out
that this failure to account for truncation will likely undenastte welfare gains to the
wider population of all those who could take a trip under the contirsgemiario but
who currently do not.

The non-correction of contingent behaviour models based on on-siteesampl

data for endogenous stratification is even more prevalent initératlre than the

2 For an in-depth review of the contingent behavimadeling literature the interested reader shoeéd s
Whitehead et al. (2008b).

3 Englin and Cameron (1996) alsapplied a fixed effects Poisson model to comparié fixed effects ordinary
least squares model and to test for differencesrice elasticities and consumer surplus from sepatamand
equations estimated with observed number of tripd imtended number of trips for three hypotheticast
increases.
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non-adjustment for truncation. This may be due to the fatitiost modern statistical
packages have standard routines to model Poisson and negatiw@abicount data
models adjusted for truncation but in general the researcheelhereeds to

specifically program the adjustment of the log-likelihood fuwnctto correct for

endogenous stratification. To get around the fact that no standeydupr is available
in statistical packages to deal with endogenous stratificatiopanel data count
models some studies have simply pooled the revealed and contolzgtation

points and run endogenously stratified truncated Poisson or reegaiivmial models
which are routinely available.

For example Starbuck et al. (2006) examined the linkages &etfive and fuels
management activities to changes in forest recreatiorani@rasing the contingent
behaviour methodology. A pooled endogenously stratified truncated Poisstei m
was used to estimate consumer surplus and predict changesdation visits under
three alternative fire and fuels management scenarios. fduding technique
however ignores the fact that there is likely to be sukislacorrelation between the
revealed and contingent behaviour responses from the same inbividua also
worth noting that a simple adjustment used to correct for endogstratification in
the univariate Poisson model, is to transform the dependeablafnumber of trips
taken by individuali (Y;) to equal Y — 1 (this adjustment is possible assuming a
univariate Poisson distribution for the dependent variable and Ska988) derived
on-site sampling distribution). Hesseln et al. (2004) useatljisstment technique in a
pooled contingent behaviour model that examined the effectsreofoh hiking
demand in Montana and Colorado. However, as Egan and Herriges (0O06put
the above technigue only applies to the univariate setting andrtipte sadjustment

is not appropriate with use of the panel data specification.
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Others have used strategies that avoid the need to acawuendogenous
stratification at all in a TCM framework. Mendes and Prae(009) for example
applied count-data travel cost methods to a truncated samplesitirs, to the
Peneda-Gerés National Park but state that they did not neextctmnt for
endogenous stratification as people were intercepted at tkemaance. Presumably
this is due to the fact that the respondents might aby gmsis by as enter the park.
Elsewhere Hynes and Hanley (2006) avoid the need of adjustingttbhecated
negative binomial TCM for endogenous stratification by combinirtg &@m their
on-site survey with a non-site based survey - in their casgey data collected via
the internet. In this manner the sample incorporates individuals wisit the
recreational site but who have a lower probability of beingpéaanon-site due to less
frequent visits.

Finally, it has been suggested that the issue of endogenouficatiati can be
dealt with in a panel data count specification by simply apglgi sampling weight to
observations equal to the inverse of the estimated prolyatbiéit an individual will
visit the site. This reduces the proportional influence on #tenated model of
individuals that have a higher probability of being includetha&nsample because of
the on-site sampling design (i.e. those who are more likebewfy sampled due to
the increased frequency with which they visit the reaeat site). Woolridge (2002)
demonstrates how this inverse probability weighting recoterpopulation moments
from a selected sample.

As mentioned earlier, only 3 papers to date have produceel pata count
model that explicitly correct for both truncation and endogenous staditifin. These
are Egan and Herriges (2006), Beaumais and Appéré (2010) and Mceatishe

Shonkwiler (2010). In the case of Egan and Herriges (2006) the aukiweop a
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multivariate Poisson-log normal model to jointly model revealed ematingent
behaviour data and to correct for on-site sampling. Theyedgmate Winkelmann’s
(2000) seemingly unrelated negative binomial (SUNB) model, alsastelji for
truncation and endogenous stratification. The resulting models adetasanalyze
survey data collected on-site at Clear Lake in northrakehbwa. The authors
conclude that there is substantial bias in the results ic&nepling procedures are
ignored, overstating both the average number of trips to theglsi a factor of 14)
and the welfare associated with the recreational opposaratistudy site.

Beaumais and Appéré (2010) extend the work of Egan and Herriges (006)
addressing the on-site sampling issue within the framework cdndom-effect
Poisson gamma modelTheir modelling approach constrains the correlation across
counts for the same panel to be positive. This isanptiori the case of Egan and
Herriges’s (2006) multivariate Poisson log-normal specificat8imilar to Egan and
Herriges, Beaumais and Appéré (2010) and Moeltner and Shonkwiler @6a@nd
that correcting for on-site sampling has a significant impaatnodel parameters and
the consumer surplus estimates.

Finally it should be noted that count data panel models thatrporate
unobserved heterogeneity have also been previously developed. Fgrlex@/ang
et al. (1998), in the analysis of patent data, developeddpPoisgression models for
count data that accommodated heterogeneity arising from ebdigin of both the
intercept and the coefficients of the explanatory variablessiudy assumed that the

mixing distribution was discrete, resulting in a finite mixturedel formulation.

4 Beaumais and Appéré (2010) also introduce the qunofa "twin site". In their surveying approacteyh
introduce to the respondent the hypothetical exésteof a site strictly identical to the study sitith a difference
only in the environmental quality of certain attrib and try and establish the maximum distancedbpondents
would be willing to travel to such an alternatiilesand the number of extra trips if any that indiiaal would

make to such a site. This approach to defininghymothetical scenario in a contingent behavioudtiffers

from that usually found in the literature where tfeange is environmental condition is defined imte of the
study site itself.
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Advances in computational capabilities have also meanstasstical packages such
as Nlogit (Greene, 2008) and Latent Gold Choice (Vermunt anddglaigi2005) now
contain standard commands that allow the researcher to reazbiporate a discrete
mixture distribution into panel count models.

As is evident from the previous (non-exhaustive) review ofliteature much
has been written in term of the issues surrounding on-aitglgg issues related to
the TCM. To date however no count data model exists for pdatd that
simultaneously accounts for the on-site sampling issues of endogsmnatification
and truncation and the presence of unobserved heterogeneitypgacskfficients for
the explanatory variables. The specification of such a modelasented in the
following section. In particular we develop a random effeetsel data model with a

latent class framework that also accounts for truncatioreaddgenous stratification.

Methodology

In our study of recreational demand at Silverstrand Bea&h,vétniables of
interest are a count of beach trip demand in the previousdifhs and a count of
potential beach trip demand that the same individuals wowd#dengiven some
hypothetical change in site quality or facilities. In effexach personin the data set
yields two responses. The first is the number of tnp$ they make to the beach
under current condition$ £1) and the second observation is how many trip$ ilye
person says they would make if a specified improvement neatonal facilities at
the beach occurs under hypothetical conditigw)( These counts are limited to non-
negative integers. In the contingent behaviour modelling framewee require a

panel data modelling approach. The distribution of data on beg@checreation is

10
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also positively skewed towards zero, thus preventing the uaestzéndard ordinary
linear regression model (Cameron and Trivedi 2005).

Following the work of Shaw (1988), Grogger and Carson (1991), Englin and
Shonkwiler (1995) and Greene (2008) we assume that, based on sach ganel
data count model of recreational demand can be estimategl aisiegative binomial
distribution for the dependent count variable. As with Englin @ndnkwiler (1995)
we also need to adjust our modeling strategy to cordrahk fact that our data were
collected on-site. Unique in the literature we also adjustandom effects panel data
negative binomial model corrected for on-site sampling to aftmwthe mixing of
taste intensities over a finite group of taste segmentiseirpopulation. Unobserved
heterogeneity in the distribution of 16 assumed to impact the mean (and variance)
| j. The continuous distribution of the heterogeneity is approximaséty uvhat
Greene (2008) refers to as a finite number of “points of suppidng.distribution is
approximated by estimating the location of the support points andmies
probability in each interval. We interpret this discrgbd@raximation as producing a
sorting of individuals into C classes, c= 1,...C. Therefore hatvollows we modify
our random effects panel data negative binomial model corrected-fsite sampling
for a latent sorting ofjinto C classes.

Our starting point for a panel of trip data, whisrg, ...,N individuals take ytrips
under site conditiong=1,...J, is the standard negative binomial model for count data
that allows for overdispersion in the responses;

l/a y
|

Gy +1/ a) 1l/a
Gl/a)qy +) I+1/a [+ 1a

P(ylx)= 1)

11
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wherel = expp®) is the conditional mean function anchlis the overdispersion
parameter. (For convenience at this point, observation subsagptsratted.) The
vectorx represents the set of explanatory variables reported foriediziduali. It is
a k' 1 vector of observed covariates abdis a k' 1 vector of unknown slope
parameters. The scalarand the vectob are parameters to be estimated from the
observed sample. Finally is a structural parameter to be estimated along kwith
Larger values ofa correspond to greater amounts of overdispersion. The model
reduces to the Poisson wherr 0.

The density that applies to the observations obtained on sitehaas ¥y Shaw
(1988) to equal:

YP(YIX) @

P(y|x, on sitg=—= .
~P(t]x)

For the negative binomial model in particular, the result [seglin and Shonkwiler,

1995, p. 106, (9)] is

y&y +1/ a)a’l ¥ (tay) **)

A1/ Gy ) ¥l @)

P(y|x, on sit§=

The second extension in our model is the accommodation of the datéing of
individuals intoC groups, or classes. The analyst does not observe directly which

class,c = 1,...., C, generated observatiop, |[c and class membership must be

estimated. The latent class model, in generic form, donéitl on the particular class
can therefore be written as:

P(yx, on site, class =)= F(y|x, bc,ac). 4)
It should be noted that there is a separate dispersion gkaraim each class as well.

The unconditionaprior probabilities attached to the latent classes are given by:

12
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exp(. )
Sc.exp(t,) ®)

p. = Probglass= ¢)=
The logit formulation for the probabilities is a convenient pa&tenization that allows
the prior class probabilities to be constrained to the unitviatemnd to sum to one.
The normalizatiortc = O is imposed because ory1l parameters are needed, with
the adding up restriction, to specify tBeprobabilities. With this structure, there is a
one to one correspondence between the set of parameterst £.1,0) and the set of
class probabilities, pg,...,pc-1,1- S55 pe).  For an individual observation, the
unconditional probability is averaged over the classes,

P(y|x, on site= ;pc R yx, on site class ) (6)

The probabilityP(y|x, on sitg is the term that enters the log likelihood that is

maximized to obtain the estimates @£[(b, a,),(b,,a,),....0. 2 ).{,,-t,c ). The

log likelihood for the observed sample is therefore
logL = iNzl Iog{ CczlpCP(yi %, , b, A, ), on site, class (} (7)

wherep. is given in (5) andP(yi[xi,(bc,ac) on site, class ) is given in (3) withl ; =
expb.&i).

Individuals are observed more than once in the sample. We thakasual
assumption that conditional on the class membership, which doebamge for the
person, the trip choices are made independently. There eéatmmn induced across
choices in that the observed variablesre correlated across visits and, as well, since
the class membership is fixed, the individuals prefererembodied inb. are also
common across visits. However, we have not assumed that dhe unobserved

factors that are omitted from the model and which are letwek across visits. With

13
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these assumptions, the joint probability of therip choices by individual i is given
by

P(Yigreor Y. Xip0e%r, be @ s0N site,class=<};c~):‘=l R.vk. b, a. , onsite,class (8)
The log likelihood for the panel of data is obtained by insettiegoint probability in

(8) in the log likelihood in (7);
logL = iN:1 Iog{ Cczlpc(N)tT‘zlP(yit Ix, b, . ,on site,class:}: 9

The function in (9) is maximized with respect to

q:[(bl’ al)’(b2'a 2) """ (bC a‘ C )’( 1"'t’ C )}

Finally, it should be noted that the approach of adjusting riorcation and
endogenous stratification in both the observed and contingent obsesvati
distribution is different from that in Egan and Herriges (2086)l Beaumais and
Appéré (2010) where the observed behavior data are assumed tfulocaézo and
endogenously stratified but the contingent behavior data are not. théusn-site
sampling correction is only specified through observed data indase. Even though
our second observation for each person is the hypothetical nufrtbesahey would
make under changed site conditions, we argue that the problem of endogenous
stratification and truncation still holds. The respondent i$ stineone who has a
higher likelihood of being included in the sample due to theguency of use.

Also, given that the contingent behaviour question is commonly sataipthat
respondents are asked how many more trips (if any) they wolkid todhe site given
an improvement in facilities (and thereforgcgnnot be less than)ytruncation still
exists in the second period as we are still only dealinlg wdividuals who will use
the facility at least once. Interestingly, Moeltner and Sholekw2010) showed that

on-site sampling issues persist even for past season trigsréjptite respondent is

14
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intercepted on-site this season. The authors labelled thist éffedity carryover".
They found that for their sample of lake visitors relativetyonger preference or
“avidity” for the interview site carries over across s@@. We argue that a similar
effect could apply to hypothetical trip reports, if we intetghem as “future season
trips". If that is indeed the case then this again iespthat the contingent behavior
data as well as the observed behavior data should be assuntded.

For consumer utility maximization subject to an income comgtrand where
the number of trips are a nonnegative integer, we followekit#in and Mendelsohn

(1993) and calculate the expected value of consumer suggi§;) from our count
models asE(CS,) = E(y; |xi)/bpi = fij I(b,;)where Y is the number of trips to the
beach for individual under conditiong, andl! j is some underlying rate at which the
number of trips occur, such that one would expegtesnumber of trips in a particular
year, i.el j is the mean of the random variablg R, is the individual specific price
(i.e. travel cost) coefficient. The per-trf(CS;) is simply equal to 1/48 The change

in the consumer surplus resulting from an improvetime the coastal amenities is

then given by

DE(CS) = DE(y,|%)/ b, =(/} - 1)1 b, (10)

where/Ai is the expected number of trips before any impmoets are made to the

coastal amenitie§ = 1) and /A’{ is the expected number of trips after improvements

are made to the coastal amenifjes 1). This suggests that the change in consumer
surplus for individuali can be calculated by dividing the change in thedioted

number of trips to the beach site by the coefficiginthe travel cost variable. It is

15
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important to state that the relevant comparisonwaifare terms is between the
number of predicted trips at the current level @dstal amenity provision at the beach
site and the predicted number of trips at the impdolevel. Also, one cannot
disaggregate benefit estimates into additionaltytifom those who take no extra
trips to the beach and additional utility from thowho visit most frequently. The
beach travel cost study and the on-site collectddset employed are described in the

next section prior to the presentation of modalltesand welfare estimates.

Data and StudyBackground

The application of our model is to a data set geeer from a survey that
examined the possible welfare impact associateld thi¢ development of a coastal
trail that connects two beach areas along the GaBay coastline in the west of
Ireland. The data was generated from an on-siteeguof visitors to Silverstrand
beach approximately 7km outside of Galway city whis accessible by public road
only. The beach was awarded a blue flag stat@0@® and is therefore required to
comply with certain standards in terms of lifeguaedety and patrol as well as high
water quality. The beach itself is only 300m lagd has only limited facilities in
the form of parking, benches, picnic tables antketdacilities. Nevertheless it is a
popular destination, particularly in the summer therfor outdoor enthusiasts and is
used heavily by the local urban community of Galwdy and surrounding area as a
recreational amenity. The beach caters for a waage of uses including walking,
swimming, sun-bathing, bird watching, kayaking &iteé surfing. The beach was of
interest as it is a site where potential existadd recreational value through the
establishment of a walking trail that would linkt@t another area of beach currently

cut off by a small area of farmland.

16
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Coastal based recreational activities have beergrezed in Ireland as having
the potential to deliver substantial economic biséd rural areas through locally run
tourism activities (Vaughan et al., 2000). Failteeldnd (2008) reported that
holidaymakers do not visit Ireland for the typiteach holiday, but rather seek out
soft adventure activities such as walking, kayakietg along the coast. It has also
been noted that one of the best means for improthiegvalue of coastal resources,
such as beaches, is through the provision of walkiails. These not only provide a
valuable source of recreation to the public bub gisovide increased access to the
coastline. However some of the best coastal walkireas in Ireland can only be
accessed through private farm land and under laistaccess to privately owned land,
for the purpose of recreation, is at the discretibthe landowner. A variety of issues
such as potential interference with agriculturativétees, insurance liability and
potential invasion of privacy have been reportedamgdowners as reasons why they
may be unwilling to permit public access to thearnfland for walking related
activities (Buckley et al., 2009).

Silverstrand beach was chosen as a site to inegsttge issue of coastal access
as a strip of privately owned agricultural land g¥hhas a cliff face at the waters edge
prevents the access of recreationalists to a nargei area of beach and access along
the shore to the nearby Salthill beach and pronmeri&decreations could freely cross
this section of agricultural land it would open aroastal walk of over 4 miles. At
present users of Silverstrand have no right tosctbs private farmland to access the
additional beach area. With this in mind responslemere asked a contingent
behaviour question in relation to how their usafythe beach facility would change if
the length of beach at their disposal was incredisenigh the opening up of a cliff

walk that would give them access to an additioriah Iof beach) and also access

17
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along the shore to Salthill beach and promenade f@dtures of the new walking trail
were pointed out to respondents on a map as walfasnation on how the new

walking trail would also open up access to the ImgaBalthill beach as well.

Respondents were informed how walkers would betgdaformal right of way access
along the walk, a marked path with a fence to sgpahe walk from the farm land
and cliff edge and informational plagues detailing surrounding countryside. They
were also informed how all facilities would be buwilith material that blends in with

the coastal amenity.

As part of the study, 146 personal interviews weagied out at the beach site.
The questionnaire was piloted over a 2 week pdriatline 2009. This was followed
by the main survey which took place at Silverstraoding the months of July and
August 2009. Due to the non-response to certairstopns in the main survey, 18
surveys were not deemed usable in the final arsalybich resulted in a final sample
126 individual responses being used for model egion. The on-site interviews
were conducted on both week days and weekendsgdatl daylight hours. The
guestionnaire solicited information on trips takerthe beach, activities undertaken,
personal demographics, income, employment statiig;ation, social relations and
obligation free time. Each interview took approxteig 20 minutes.

Respondents were provided with background inforomatin the study and were
then asked to outline how they used the beach doreation. Next, they were
presented with information on how the beach (whbey were sampled) might be
improved for recreation. Respondents were thenepted with the contingent
behaviour scenario (as shown in Figure 1) and askedentify the extent to which
their number of planned trips to the beach in tet 12 months would change if the

stated change was made.

18
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In particular, they were asked if the changes desdron the card were
implemented at the beach resource, would they ehtdrgnumber of trips they would
take to the site over the next 12 months. This fedewed up with an option of
choosing 1no change in number of trips takeghmore tripsor 3.fewer trips Finally
the respondent was asked to state the increasetb¢oeased) number of trip if they
had chosen option 2 (or 3)Thus, 2 observations for trips taken were caflédtom
each respondent; the actual number of trips takehd previous 12 months and the
contingent number of trips that would be takerh& tvalking trail was put in place.
This resulted in a panel data set of 256 obsematibinally, attitudinal data was also
collected from the respondents.

Each respondent’s travel cost was computed follgvifre standard approach in
the literature by considering the direct costs #red opportunity cost of travel. For

each respondentnd each scenarjpthe travel cost was calculated as:

Distance ~ CostperKM _
c, = & ; p + (025 Income
Groupsize 2000

)

where Distance, is the round-trip distance from the respondentisié to the

site. CostperkKM is the average petrol cost per mile (the AutoneoBissociation of
Ireland’s calculation of 0.224/mile obtained from

http://www.aaireland.ie/infodesk/cost_of motorirgpavas used) an@roupsize is

the number of people that travelled to the sitthearespondent’s vehicle. Following
Shaw and Feather (1999), the opportunity costaselrtime is included in the travel

cost calculation as a proportion (0.25) of the howage, where the hourly wage rate

® As is often the case in contingent behavior stidiethis type no respondent chose option number 3.
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was taken as the respondents reported income dilage2000, based on a 40 hour
week for 50 weeks in a year. No allowance for de-8me was made in the travel
cost calculatiof
Relaxing/Sun bathing was highlighted as the maitiviac of 35% of all

respondents in the survey followed by entertaimhidgdren (21%), swimming (13%),
walking (11%) and other water sports (6%). Also,idt notable that 49% of
respondents were male, 57% were in full-time emplegt and 63% had been
educated up to degree level. Mean annual visiteddoeach where each respondent
was sampled were 11.76 (range 1-60). The day afuheey was the first ever visit to
the beach for 7% of the sample and respondentsispeaverage 2 hours 31 minutes
on site. A visit to the beach was the main purpmidée day’s journey for 61% of the
sample, and participants in the survey used thehbessource for, on average, 4.1
different recreational activities. Mean one-waytali€e travelled was 24 miles and
respondents to the survey tended to be at the beagloups of, on average, 2.2
persons (range 1 to 13). Further summary statistss®ciated with the sample are

presented in table 1.

Results

Given the contingent behaviour scenarios describdeigure 2 and the model
specifications described in section 3 we preserd tie results of 2 models. Table 2
then presents the results of both a random effesgative binomial model corrected
for on-site sampling and a random effects latem$schegative binomial panel model

also corrected for endogenous stratification anddation. Although not presented

® An in-depth discussion of the many issues thabsud the calculation of the travel cost variable i
beyond the scope of the article but for a good eiew of the treatment of time and the specificatio

of the travel cost variable in recreation demand@®the interested reader is advised to see Amoako
Tuffour and Mart nez-Espineira (2008) and Hyneale(2009).
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here, both pooled versions of the Poisson and eghtnomial model were also
initially fitted as were random effects Poisson anegative binomial models
uncorrected for on-site samplingVhile the results for these models are not presen
we do, for the purpose of comparison estimate aesent the mean consumer surplus
per trip estimates and the change in consumerripegdtimates as a result of the new
coastal walking trail for all models in table 3.

In all models, the average number of trips undertay individuali under (the
real or contingent) scenarjas assumed to be a function of the travel cosheosite,
the travel cost to the respondent’s next prefersetdstitute site, whether the
respondent participates in a water sport whileit)-& a member of a recreation or
environmental organisation, income, age, incometihdrethe visit to the beach is by
chance due to the respondent being in the areatlfier business and a ‘Contingent
Behaviour’ variable, which indicates whether thgts we are explaining are actual,
with current facilities, or hypothetical, with ingored facilities. A further description
of each of the independent variables is givenhbieta.

The model in the first column of table 2 is thedam effects panel negative
binomial accounting for on-site sampling (hencdfadferred to as the NB corrected
model) while the second and third columns preséet results of the negative
binomial panel model that allows for unobservecetmeneous with respect to the
impact of explanatory variables on the numberipkttaken as well as accounting for
the issue of on-site sampling (henceforth refetceds the latent class corrected NB
model). The travel cost coefficients in both modeis significant at the 5% level and
have the expected negative signs. This indicatas ttin average, as the cost of

travelling to the beach site decreases, the numibiips made to the site increases.

" Whether a panel specification was preferred toaqubspecification was tested, and the Likelihoadidrtest
statistic confirmed the need for a panel rathen th@ooled regression.
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The ‘travel cost to the nearest substitute sitel e ‘Incidental visit to the beach’
variable are also significant and have @ahgori expected signs.

The one major difference between both models imgeof the estimated
coefficients is that the ‘contingent behaviour' iabte is insignificant in the NB
corrected model. This finding would appear to ssggieat the hypothetical trail that
facilitates access to a further area of beach doedave a statistically significant
effect on the number of planned trips to the €tece we account for the unobserved
heterogeneity in our sample however the ‘continditaviour’ variable in our latent
class corrected NB model is significant (at the 9@%el in class 1 and at the 99 %
level in class 2). In fact, all variables bar beiagmember of a recreation or
environmental group are now significant at the 98%el in at least one of the two
class segments.

With respect to the definition and testing of hypestis on the number of classes
to include in the latent class corrected NB motel ¢onventional specification tests
used for maximum likelihood estimates are not valgl they do not satisfy the
regularity conditions for a limiting chi-square tlisution under the null (Hynes et al.,
2008). Therefore, in order to decide the numbecladses, we used the information
criteria statistics first developed by Hurvich anshi (1989). We report the Akaike
information criterion (AIC), the Baysian informaticriterion (BIC) and the Hannan
Quinn statistic for all models in tables 2 andrBtdrms of the latent class corrected
NB model no one number of classes minimize eacth@fmeasures. The 3 class
specification has the lowest score on 2 of thekatwhile the 2 class specification is
lowest for the BIC. As Scarpa and Thiene (2005npout these statistics provide
guidance on the number of latent classes to chiogisthis decision also requires the

discretion of the researcher. We hence choosetonigport in table 3 the latent class
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corrected NB model estimates for the 2 class malen though two of the

information criteria statistic were lower for theaBd 4-class models. We reject the 4
class model as one of its classes has a complétef sasignificant parameter

estimates and also both the 3 and 4 class modsfdaged a high number of

insignificant parameter estimates in at least dribeir other classes.

As can be seen from table 2, the two-class modadifipation allocated 22% of
respondents to class one and 78% to class two. rtamily, the travel cost
coefficients in both classes are negative and feigmt at the 5% level and, as
mentioned above, the contingent behaviour variebédso significant in both classes.
It is also interesting to note that the income fioeht is now significant for the
smaller group of recreationists likely to be repregsd by class 1. This coefficient was
insignificant in all earlier versions of the corgent behaviour model. Only by
allowing for taste heterogeneity in the sample @opick up in the importance of this
characteristic for a certain portion of recreatimts using the site. It should also be
noted that for this smaller segment participatiorwater sports has no influence on
the number of trips made to the site whereas iftraslass 2. The travel cost variable
would appear to have more or less the same influencboth which would suggest
that both classes exhibit ‘price’ sensitivity t@ ttame degree.

Finally, it should be noted that that the lateratssl corrected NB model had a
lower log likelihood value (in absolute terms) aadlower score on all of the
information criteria statistics than the NB coregtimodel indicating that the latent
class structure provides a better fit for our de-sempled data that when we assume
a homogenous mean influence of the explanatoryabkes amongst our beach

recreationists.
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Following Beaumais and Appéré (2010) we also carmigt a Vuong test (Vuong,
1989) to examine if the on-site sampling correctimn the negative binomial
specification was appropriate. Previously Greer#4) adapted the Vuong test to
examine the appropriateness of a zero-inflated trveg&inomial versus a standard
negative binomial model. The Vuong statistic héiméing distribution that is normal
with large positive values favoring the correcteadel and with large negative values
favoring the standard panel version of the negativemial model unadjusted to
account for on-site sampling. Values close to zZerabsolute value favor neither
model. The calculated Vuong statistic of 9.54 ressid a clear rejection of the null
hypothesis that not accounting for on-site samptiag no effect on the means or the
variances in the negative binomial panel specificabf the contingent behaviour
model (i.e. that the models are indistinguishable).

Estimating the welfare effects of changes in thaliguor supply of site facilities
or environmental goods is the main objective of mamsitingent behaviour studies.
We therefore consider the implications for welfareasures of controlling for on-site
sampling and unobserved heterogeneity. In particwla compare the consumer
surplus (CS) per trip (real behaviour), the estewaif the change in number of trips
taken and the change in total CS per recreatidnadisa result of the hypothetical
extension to the beach being provided through thation of an adjoining walking
trail, across the alternative model specificatidrable 4 also reports the estimates for
the basic (unadjusted for on-site sampling issyeg)led and panel Poisson and
Negative Binomial specifications even though thedelgparameter estimates are not
presented for these models.

The panel negative binomial models accounting ffiendation and endogenous

stratification result in lower mean CS estimated kwer predicted trips taken than
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the basic pooled and panel Poisson and NB mode&s distribution of CS estimates
for the latent class corrected NB model varies sscadasses, with each class having a
specific CS per trip estimate. The class weightedufation estimate of per-trip
consumer surplus for the latent class corrected miiglel is estimated with 95%
confidence to be betweerl6.93 and 27.21. With a mean CS per revealed trip
estimate of 21.67 and 15.67 for class 1 and 2 respectively this modeVides the
most conservative mean CS estimates across akploeted models.

While nothing in the construction of the latentsslamodel assures that the
consumer surplus measures in a two class modebvatiket the result from a one
class model (the NB corrected model) it is stifenesting to note that the CS estimate
in the NB corrected model does not fall between2hdass estimates of the latent
class corrected NB model. This may be an indicatiat the one class model is
forcing an overestimate of the consumer surplussomeaand that that controlling for
heterogeneous in the population with respect tartipgact of the chosen explanatory
variables provides more reliable CS estimates.

To estimate the recreation benefits from the acdegprovements and the
addition of the walking trail and additional beaatea, the steps outlined in the
methodology section were followed. To calculate theportional change in
recreationalist welfare from implementation of twastal walking trail, we first take
into account the stated change in trips to the bsé#e if the trail were to be put in
place. Such a facility improvement would increassty by an estimated 3.32 trips
per year under the NB corrected model. This isloieest predicted change in trips
across all model specifications.

Even though the latent class corrected NB modeliges the lowest mean CS

per trip estimates it predicts the second largeange in the number of trips taken per
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individual as a result of the beach site changésgbenplemented (6.04 additional
trips per person per annum). However, the reldowe CS per trip estimate for the
latent class corrected NB model means that thenas#d total increase in consumer
surplus from the beach facility improvements paspe per year (the class weighted
estimate) is only 0.82 higher than the estimate associated with tBecbirected
model (102.26 and 101.44 respectively). The panel negative binomiatieh that
does not account for truncation and endogenousfistaion produces estimates for
the change in CS per person per year that are xpmtely 65% larger the models
that do account for on-site sampling while the pdolnadjusted models (which is

still a popular approach in the literature) provatimates that are over 300% higher.

Discussion and Conclusions

In this paper, we presented an extension to Sh&¥®88) and Englin and
Shonkwiler's (1995) count data models correctedoforsite sampling to a panel data
setting. We contrasted a number of modelling teges; namely, random effects
panel Poisson and Negative Binomial specificatithrad did not account for the on-
site sampling issues of truncation and endogentragifisation, a panel negative
binomial model that did account for the aforememgid on-site sampling issues and
finally, and uniquely in the literature a latenags random effects panel data negative
binomial model corrected for on-site sampling buthe same time allowing for the
mixing of taste intensities over a finite groupta$te segments in the population. The
chosen models were applied to revealed and comirtgevel data obtained from a
survey of visitors to a beach on the outskirts alway city in Ireland. While the
estimated models did not provide coefficient estesathat were dramatically

different from one another, it was still clear tliadt the failure to correct for on-site
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sampling results in biases in the estimated averageber of both observed and

contingent trips to the beach.

Unlike previous attempts at accounting for on-ss&mpling in contingent
behaviour models we assumed that, similar to tisemied trip counts, the contingent
behaviour trip responses are also truncated andgemdusly stratified. In their
modelling approach Egan and Herriges (2006) anduBasgs and Appéré (2010)
assumed observed behaviour data were truncatentdplat contingent behavior data
was not. We argue that the contingent observasolikely to still suffer from
endogenous stratification as the respondent beiegviewed on-site is still someone
who has a higher likelihood of being included ie #ample due to their frequency of
use. Also, given that the contingent behaviour ioess usually set up such that
respondents are asked about a counterfactualisiiuahere there have been changes
to the current site; truncation still exists in tbecond period as we are still only
dealing with individuals who will use the facilipt least once. Thus unlike previous
studies, in our modelling approach the on-site s@gppcorrection is specified

through both the observed and contingent behadatar.

While Egan and Herriges (2006), Beaumais and Ap(2&€0) and Moeltner and
Shonkwiler (2010) have previously developed cowathganel models corrected for
on-site sampling their approaches may still be eqadte and potentially misleading
if the population of interest is heterogeneous wétspect to the impact of the chosen
explanatory variables. The error term added tg#drameterized mean function of the
Poisson models used by the aforementioned autlaorde interpreted as capturing

unobserved heterogeneity. However what was st#ismg in the literature up until
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this paper was an on-site corrected count data Imide captures unobserved
heterogeneity via slope coefficients for explanatorariables. Our proposed
methodology accounts for heterogeneity in bothuthderlying mean number of trips
taken and the regression coefficients. That ishoeglel assumes that the observations
are drawn from a finite number of segments, whéee distributions differ in the
intercept and the coefficients of the explanatoayiables. Within each class the
population interest is homogenous with respechéoimpact of explanatory variables
but this assumption is relaxed across classes.

We would contend that the use of latent class nmglelpproach is particularly
relevant for on-site sampled recreationalists. &)sdra recreational site such as a
beach or a forest park tend to be diverse and Hdferent reasons for wanting to
visit such sites. In the discrete choice recreatialemand literature this has been a
well recognized fact since Train (1998) and now phélication of almost all work
involving the estimation of destination choice ramd utility models involves
modelling the site choice decision for recreatitsnellowing for the mixing of taste
intensities either over a finite group of tastersegts (the latent class approach) or
over continuous value distributions (random paramdogit approachj. This
recognized heterogeneity across recreational grosipg a site such as a beach (and
indeed even within particular recreational groupgs not been given the same
treatment in count data travel cost models of e@e demand as it has in the

discrete choice literature. This paper fills thapgn the literature.

® Hynes et al. (2008) highlight the fact that thare different types of boaters within a populatisn
kayakers using a random utility site choice latdass modelling framework while Scarpa and Thiene
(2005) do the same for rock climbers. An early pape Morey (1981) developed a model of skier
behaviour implicitly taking into account whetheethkier was a novice, intermediate or of advanced
level. The results of that study indicated that thenber of days spent at a particular skiing site
depended significantly on the individual’s skiingjlay.
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The latent class corrected NB model facilitated @clndeeper analysis of the
factors driving the decision to make a particulamber of trips to the beach site. It
also highlighted the fact that there are distimgnsents of the population who make
that decision based on different influences. Fatance in one segment, being
wealthier has a significant (and negative) inflleena the number of trips taken while
participating in a water sport at the beach siterdit. In the second segment income
had no significant influence while participatinganwvater sport at the beach site was
highly significant.

The latent class approach also generates additioi@aimation which is
potentially very useful to recreational site mamagsimply by identifying groups of
users with particular demands. Planners and pofiekers may be concerned with
how changes to coastal sites will affect visitomivers or the utility of the individuals
that visit the sites. Being able to identify difat segments of users within a count
data modelling framework will allow such manageos better allocate resources
between policy issues such as beach congestioah laegess, coastal access such as
roads and trails and beach developments and fesilitn our empirical investigation
for example the results of the latent class coeckedtiB model would suggest that
policies impacting on water sport participation Wbiave an impact on a larger
group of beachgoers.

Given the relatively small sample size it wouldwise to take a cautious view as
to how representative the estimated welfare resuktsof the population of beach
users in the west of Ireland. Nevertheless thenestid models still demonstrate how
controlling for on-site sampling and unobserveceh®eneity can have a significant
impact on predicted trips taken and on welfarenesion. Also, it should be noted

that the modelling framework proposed here relesvily on the assumption that the
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non-site participants we are trying to accountwah the on-site sampling corrections
are the same as the users that are actually sarbptedre simply coming from a
different portion of the same underlying distriloumti If non-site participants are
fundamentally different from the sampled site usetlse correction will be
inappropriate. This assumption is not unique to case but is something that is
relevant to all procedures in the recreational deirderature that have attempted to
account for on-site sampling issues.

It is important to state that while the focus oé thaper was on a model of
contingent behaviour the developed modelling fraorwis just as applicable to
cases where data has been collected on-site itiorel trips taken by the same
individuals over repeat time periods or on an imiial’s trip activity to alternative
sites over a fixed period. Finally, an area foufatresearch is to compare the welfare
impacts derived using the latent class specificateveloped here to a count data
model where the unobserved heterogeneity of theulpbpn with respect to the
explanatory variables is specified as continuotiserathat over finite segments (i.e.
specifying the slopes as random coefficients). Thizuld allow for a broader
discussion of how unobserved heterogeneity coultddst captured in on-site panel

count data models.
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Figure 1. Scenario examined in contingent behaviour study

Suppose thatlEXT YEAR a newWALKING PATH was built connecting to this
beach resource.

The path would consist of:
* An approx 2km round trip walk along the cliffsttee end of the spit at Rusheen B
» Walkers would be granted formal right of way ajahe walk (currently people
walk

along the cliff but are not supposed to as firigately owned farm land),
» A marked path with a fence to separate the walifthe farm land and cliff edge
« Informational plaques detailing the surroundiogrmtryside.

All facilities would be built with material that éhds in with the coastal amenity.

How would these new facilities affect your use 6fl$ BEACH?

ay

Table 1. Summary Statistics
Variable Name Description Mean Standgrd
Deviation
. Number of trips respondent actually took
Actual trips to the beach in last 12 months 11.76 14.9
. : Number of trips respondent would take in
Hypothetical trips next 12 months if scenario implemented 17.31 19.23
Age 41.06 13.68
Income Gross annual income ( 51,551 29,334
Dummy indicating whether trip to beach
Incidental Visit to Beach occurred by chance as happened to be M0.39 0.49
the area anyway (1) or was a planned trip
to the beach (0)
Dummy variable Indicating whether the
respondent is an active member of a
Member of Recreation or  recreational organisation such as a kayak
. o ; 0.47 0.5
Environmental Organisation or surf club or an environmental
organisation such as Birdwatch Ireland or
Greenpeace
Travel Cost Return travel cost from home to beach 5.28 17.43
Travel Cost Substitute Site Return travel cost to the alternative site 13.77 15.32
most frequently visited by respondent
Water Sport Participation Dummy variable indicating whether trip 0.15 0.36

to beach involved a water sp
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Table 2. Negative BinomialContingent Behaviour Models accounting for

Truncation and Endogenous Stratification

Negative Binomial

Panel Count Model

Latent Class 1

Latent Class Negative Binomial

Panel Count Model
Latent Class 2

Age
Income

Incidental Visit to Beach
Member of Recreation or
Environmental Organisation

Contingent Behaviour
Travel Cost

Travel Cost Substitute Site
Water Sport Participation
Constant

0.156** (0.035)
-0.003 (0.002)
-1.202%* (0.145)

0.404*+ (0.094)

0.481(0.388)
-0.033*** (0.009)
0.032*** (0.009)
0.553%** (0.145)

0.463 (0.420)

-0.052 (0.101)

0.292* (0.172)
-0.047** (0.019)
0.067** (0.022)

0.166 (0.155)
3.529%* (0.184)

0.104** (0.031)  0.215%* (0.052)
-0.005** (0.002) 0.003 (0.002)
-1.481%* (0.197)  -0.680%** (0.21)

0.180 (0.114)

0.666*** (0.210)
-0.064*+* (0.01)7
0.039** (0.016)

0.437** (0.182)

0.534* (0.280)

Scale Parameter !
Alpha in LC Model

Class Probabilities
AlC

BIC

Hannan Quinn
Log likelihood

1.345 (1.584) 0.051* (0.026)  0.722*** (0.176)
0.217** (0.040)  0.783*** (0.040)
1735 1605
1771 1679
1749 1635
-858 -781

Standard errors are in parentheses. *** indicaigsificance at the 1% level, ** indicates signifieze at the 5%
level and * indicates significance at the 10% leWéle income variable has been rescaled by dividing000.

Table 3. Consumer Surplus (CS) and Change in Trips TakeBstimates from
Alternative Model Specifications (all figures are in per peson).

Model Specification

Mean CS per Trip
()

Change in number ofChange in CS as
trips taken a result of a result of new
new walking trail  walking trail ()

Pooled Poisson*

Pooled Negative Binomia
Basic Panel Poisson

Basic Panel Negative Binomial

59.35 (43.09, 75.60)
125.02 -38.15, 288.2(

35.88 (15.09, 56.66)

34.64 (1.31, 67.97)

Panel Models Accounting for Truncation and EndogesnStratification

Negative Binomial

LC Negative Binomial: Class 1
LC Negative Binomial: Class 2
Weighted LC Negative Binomial’

30.54 (14.11, 46.96)
21.43 (4.20, 38.65)
15.67 (7.36, 23.98)

16.93 (6.66, 27.2

5.63 334.23

6.1¢ 774.1:
3.51 o#125.

874 168.56

3.32 101.44
.046 129.39
.046 94.61
6.04 102.2¢

Ninety five percent confidence interval in brackets
* The model results of the Pooled Poisson anddbiNlegative Binomial models are not presented in
this paper but are available from the authors upgunest.
** This is the weighted consumer surplus per tsfiraate estimated by considering the class
probabilities in the NB Latent Class Model
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