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IDENTIFYING DEMAND PARAMETERS IN THE PRESENCE OF UNOBSERVABLES: A

COMBINED REVEALED AND STATED PREFERENCE APPROACH

Abstract: We develop a combined revealed and statetepence approach to identifyscrete

choice demand parameters in the presence of unobserved determinants of choice. Our approach
overcomes difficulties associated with small choice sets, muitieallity, and endogesity that

arise with revealed preference only approaches. Ustrilte our framework, we revisit two
Canadiarmoose hunting data sets. Our empirical results suggest the potentidt@aifissing

revealed and stated preference data, but they also suggest its limitations when the data generating

processes for the dasources differ.
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[) Introduction

Estimating the demand for qualitifferentiated goods such as recreation sites or
residential location is a common problem in environmental economics. Typically, the analyst is
interested in understanding the role of environmental qualitydimidual dhoice and assessing
how welkbeing changes when exogenous attributes change due to policy or other interventions.
This type of inference problem requires that the analyst estarsitectural modedf behavior
and discrete choice random utility maximiiion (RUM) models have become the standard
approach in much of this literature.

Within this context Timmins and Murdock26] andBayer,Keohaneand Timmns [4]
recentlyimplementedadiscrete choiceconometric strategfat exploitsevealed preference
(RP) chatato identifythe behavioral and welfareffects of environmental qualityhile
controlling for unobserved determinants of choid@dar RP approachs particularlyappealing
whensignificantpreferencéneterogeneyt existsandobserved commoditgttributes are
endogenous, i.ecorrelated with nobserved attributesT hreelimitations with theirstrategy are
that it requiresl) data sets with mangommoditieqsites in the recreation context, houses or
neighborhoods in the hedonic cext), 2) variation in observed attributesrass the objectsf
choice;and3) instruments for endogenous variables. In this paper, we develop an alternative
econometric strategy that exploits both RP and stated preéef8R¢ data to identify
environment alonbghaddr and wellase wiidomtrellogt for unobserved
attributes Theadvantages of oyroposedstrategy are that dan be used iapplicationswith
small choice sets (14 and ttiilour empirical applicationsgxploits the experimental design
embeddedh the SP data to overcome multicollineaptpblemsoften present iflRP dataand

does not require instruments for endogenous variahi&s.Murdock[19], our strategy also



controls for observablend unobservablgreference heterogeneityo our knowledgegur
empirical modelsepresenthe most detailed accountinglwdth preference and attribute
heterogeneity itombinedRP/SPenvironmental applications

The notiono f i f revedled and statgueference data has gained broad acceptance
in environmental economics, transportatiand marketingver the past decadsee[30] for a
recent review) Combiring RP decisiongmadeat curreniconditionswith SPchoicesmadeunder
hypothetical conditionwithin a unified behavioral modeknaid in identifying the role of
observablattributes in preferencedostapplications of this typan environmental economics
have focused otthe problem of insufficient variation maturalconditions. Analysts in these
instances have viewed combined models primarily as a tool for identifying the effects of
observableenvironmentahttribueswhile preservinggome otthe adantages of RRnalysis
Examples of papers that adopt this appnadacRP/SP combinatianclude Whitehead et d131],
Layman et al[16] and Earnharf12]. More generally combined RP/SP models have been
advocated as a means of harnessing the complementary strengifesaindss of the two
approacks(see BQ]). In thediscrete choiceontext the SP dat#s often generated with choice
experments(see[15] for a descriptiopn Choice experiments presandividuals a seriesf
hypotheticaklternativeswith randomly assigned attributaadaskthemto state their preferred
alternative. Past experienc&ith combiningRP andchoice experimersPdatasuggests that
combinedRP/SP modelsanidentify structural parameters associated witiservedattributes
that are not identified with just RP d4fa, 2]). For credible identificatiorhoweverit is critical
that the analyst control femobserved attributes associated with the RP objects of choice as well
asobserved and unobserved preference heterogeneity. To varying degrees, these issues have

been dealtith in previous RP/SP studieQur econometric strateghoweveraddresses tine



in a more comprehensiaad systematimannerand, more fundamentallgpnfrontsthe
difficulties associated witendogenous attributés

To illustrate our proposed RP/SP econometric model, we reconsider two empirical
applications related to recreational moose hunhrganadg[2, 14]). The RP data consists of
seasonal trip data to Mldlife management units Albertaand11 wildlife managemergones
in Saskatchwan. TheSP datavas constructed by presenting the same sample of individuals in
the RP data a seriesdfoicescenarioselated to hypothetical moose hunting sitgth
exogenously varying attribute®©ur empirical results suggdsie potential gais from fusing
these different data sourdesterms ofparameterdentification They also suggekbw the
inclusion of controls for unobserved site attributes as well as observed and unobserved
preference heterogeneity can generajgrovements irstatistcal fit. Ourcombined RP/SP
identification strateggomes with a cost however; tests fquarameteconsistency acroske RP
and SP datareroutinely andstrongly rejected This finding runs counter t@cent experimental
evidencq[18, 25]). It also contradictpreviouspublishedfindingsthatemploy the sammoose
hunting data we use witinore parsimonious specification®ur findings raiseimportant
guestions fohow welfare evaluations should be conductethese instanceand we consider a
menu ofplausible approachdes cornstructwelfare measures that future researchagfimd
useful

The remainder of the paper is organizedadlsws. In the next section wiscuss
identification issues arising with RP, SP, aathbinedRP/SP dataSection llidescribes the
econometricspecification which we apply tine Canadian moose hunting datetsdescribed in
Section IV. We therpresenbur results, and close with a disaossof the practical implications

of our findingsfor future research



II) Identification with RP and SP data

In this section welevelop a general discrete choice econometric model and discuss
identification issues arising with RP data, SP datacantbinedRP/SP dataWe adopt notation
that closely followsBerry, Levinsohn, and Pakg8] who first raisedheidentificationissuesve
are concernedith in the context of RRpplications For concreteness, we couch our model in
the context ofravel cosimodels ofrecreationsite choicg[20]), although the model applies in
principleto many different choice settings (e.g., housing, automobiles).

In the recreation site choice context, each individual is assumed to chooselsiteof
as arecreation destination on a given trip. Recreation sites are differentiated in terms of their
attributes anaosts ofvisitation (travel costsfor eachindividual To model such choices within
a random utility maximization (RUM) framewghwe begi n by specifying th

conditional indirect utility function
Vi =Wy %o e @
wherei indexesndividuals j indexes the sites,andt indexestrip occasiongor individuali.

The above specification assumes that utility is additive in four componemﬁf’g) an index

of observedite attributesw?"

i, that vary across individuals, trips, or both individuals and trips
in the RP datée.g., travel costs, perceived or thwarying environmental quality measure3)
xf%I , an indexof observedttributes ijP, thatvary only across sitaa the RP datée.g., time

invariant objective measures of environmental quaditgilability of bathrooms or boat ranps
3) x, an alternative specificonstant (ASC) that controls fanobgrved attributes that vary

across sites and may be correlated with observed attributes; ang #)e product of an



unobserved, idiosyncratiormalizederror that varieacross individuals, sites, and trigpsd a
scale parameter. Although we allow for possible correlations among the first three

components, waake the identifying assumptidinat g; is orthogonal to all other components
in Vi Furthermore, @ specify theparameterin the wi"g and ijPbl indexes,g, and 4, to
vary systematically and randomly across individuals:

§="9% g v’
b="bi bu ",

where (g, J are parameter vectors of main or average effadtsa vector of demographics,

(d.0°) areparameter matrices of interaction effe¢tsy;) are rormalized random effectsat are
independent of, and(g,#") are vectors of standard errors for the random efféidte structure
of preferences ifl) is very general in that it allowBr systematic and random variation in
prefeencesas well as unobserved site characteristics that influence cHeaceater discussign
it is useful tocollapseall elementsn (1) that are common to sifeand egal across individuals
and timeinto ascalard:
d=xb +x | E.J @)

We now discushowthe analyst can identify the structural parameters in (1) RI-hSR
and combined RP and $lata Consider firsthe case where only RP data is availalideilding
onan econometric strategy developedBeyry, Levinsohn, and Pakgg§], Timminsand
Murdock[26], Bayer, Keohane, and Timmif4], and MurdocK19] propose the following two

stepapproach In the first step, the analyst estimatgs § °6", ¢') and thegd trough

maximum likelihood. Thisequiresnormalizingthe scale parameteno oneand one of the

ASCs (sayd) to zero with no loss in generalityt several random effectre included in the



empirical specification, simulatiebased estimation will be requiredlso, in applications with
many sites, esnating the full set of ASCs magquiretheuse of a contraction mapping

algorithm developed by Beri$].

If the analyst is concerned with policies involvisite loss scenarios changes inw;",
the firststage estimas will have recovered enough parameters for welfare analyisvever,
if the anal yst 6s c opalicyshocks imvelving ehanges to abseevgdo g e n o u s

attributes that only vary across sites, a seesiage regressidmased on the specification in) (2

abovewill be necessaryIn these instancethe estimatedSCs areegressed on the observed
attributeS(jRP. Implementation of this regression may be confounded by a number of fibetors
are of practical impoancein environmental applications. Firsgrtheregression to satisfy the
rank conditionno observed attributes can be lineambinations of the other attributes, ahd

number of ASCs (i.e., the number of siteius ong must be greater than the dimensionx@f’.

Secondpast experiencsuggestshat the nmber of ASCs must be substanyajreaterthan the

dimension ofxfpfor parameters to be precisely estimatebhird, if therearecorrelatiors
between the unobserved site attribuqmdijP, instruments will be required26] and[4],

building on earlier work by Bayer and Timmifs], discuss hovihe structure of the discrete
choice model can be used to develop instruments for obsenibdtatthat are determined
through social interactiorsich as congestiorOtherwise, the analyst will need to find other
sources for variables that are ®#ed with the observabldsit uncorréated with the
unobservablesThe use of instruments the second stagparticularly if they have little

identifying poweralso exacerbatdke need foalarge choice set tprecisely estimate the



structural paramets For all of these reasons, identification may be elusive in environmental
applications that exploit only RP data.

SP methods can in principliee used to identifparameters ifl). For examplechoice
experimensg can be designed that presesgpondentsiith a series ohypotheticakecreation
sites that vargxogenouslyn the level of measurabddtributes For each hgothetical choice
set, respondents are askedtaewnhich if any of the sites they would choose to vistecent
experimental evidencé¢l(8, 25]) suggests that the process by whegperienced individuals
make these hypothetical choices is vangilar to how they make similar choices in
consequential (i.e., real) situations except for a tendency to chdose -oduatpdt or O6no t ri
alternative more frequently. These findings suggest that SP data can be used to identify at least
some of the relvant structural parameters in (1).

Identificationwith SP data is achieved as follawSimilar to the RP choice context, the
analyst specifies a conditional indirect utility function for each hypotheticgl aitd choice

guestionc of the form:

\Vi SP "X;cplb ﬁ?

ijc IJC
g="9% °gv+"' g €)
b="bw b4 b

There areghreesignificant differences betwedhe SP and RP preference specification@)n

and (1). First, due to the random assignment of all observed attributegedmecificobserved

attributes thatell in the xfp vector now vary across individuals, alternatives, &Rdhoice

scenarios This implies thaall main and interaction effects i and bl can be identifiedrom

the exogenous variation in te&perimentatlesign Second, th&Pscale parameteg *for the

idiosyncratic erromay differfrom the RPscale parameteg,(see R3]). This possibilityhas



little practical import when using just SP data to identify the structural parameters in (1) because
arbitrary rescaling of all parametersshao effect on welfare alysis. It does howeverhave
important implications for pooling RP and SP data as we discuss bé&lavd, whereas the RP
objects of choice consist of observed and unobserved attributes that may be correlated, the SP
objects of choice consist yof observed attributes. The absence of a role for unobserved site
attributesreflects that fact that environmental choice experiment applications dorantbeach
choice alternative as a real (bupeximentally altered) recreati@ite with whichrespondats
haveexperiencé This implies that thes6 & (1) cannot be identified with the SP data, and thus
the ful structure of preferences aaut be recovered from SP data alodes a result, welfare

analysis ionfoundedinless the analyst restrictively assumes tinabserved attributes have no
impact onchoiceor are equal across all alternativedointly estimating preferences with RP and

SP data, however, permits identification of all structural paramettirsut rdying on a second

stage regression oestrictionsort h e u n o b s e r parardeteravalues. iTd sed thass récall
that the identificatiorifficulties with RPonly approachearise becausieoththe unobserved

attributesand the main effects assoc@itgith observed attributes that only vary across sites

captured in the firsstage estimated ASC#n other wordsthe linear combinatiorijPE +X is
identifiedin the first stage of the RP only estimation stratewy theindividud & andx

parametersRecall that with SP data, all parametergdn !p i including b i areidentified
off of the exogenous variation in all observed attribetebedded in SP experimental design
However, if the RP data identifies"h +x. and the SP data identifies, the combinaon of
RP and SP data sgténtly identify & andx. This imples that welfare analysis feasiblefor

scenarios involvinghanges irall siteattributesin applications witrsmall choice sstlittle or no



variation in observed attribiggandunavailablanstruments for thendogenous observed
attributes

It is worth emphasizing that, in addition to the experimental design embedded in the SP
choice experiments, identification witombinedRP/SP data depends critically on the
assumption that a common data generating pragess rise to botfRP and SP choes. The
crossequation restrictions implied by the common data generating process can be relaxed in
some way$ differences inrRP and SRBcale for the idiosyncratic error tecan be introduced
andthefrequency of thé o-p b altérnativebeing choseim the SP choice experimentsin be
controlled. he parameters identified by both data sources (i.e., the main effects for site
attributes that vary across individuals or time as well as all interaction and random aftestts)
berestricted to be equébr the approach to have identifying power. As stated above, some
experimental evidence suggests that these parameters may converge across RP and SP data
sourcesespeciallywith experiencedespondents. e evidence from past RP/SP studires
environmetal economicshowever, is mixed[{, 12]).> From a statistical perspective
parameter convergence across RP and SP sources is a testable hypothesit)eartbvee
conductlikelihood ratioteststo evaluate these cresguation restrictionsy our empirical

applications.

[Il) Econometric specification

To transform the behaviorahodeloutlined in the previous sectiamo an estimable
econometrienode| we make the followinglistributionalassumpons. Firstwe assume the
idiosyncratic errors in (1and @) are independent and identically distributed type | extreme

value draws. This assumption, omnipresent in the discrete choice literature, implies that the RP

1C



and SP conditional choice probatids have the convenient logit formWWe allow for differences

in scale between the RP and SP data by incorporating the parametefcratiche SP

conditional prdabilities (23]).° Second, we assume the individsgkecific random effects in

the parameter vectors; ;) are independent and identically distributed standard noriaal.
movefrom the conditional choice probabilities implied by the type | extreme value assumption
to the unconditional probabilitiessed in estimatigrwe employ simulation27]). We then use

the method of maximum likelihood to estimate the structural param@teesstructure of the
simulated likelihood function is reported in the appendix, amestimation code is available
upon request.

Our empirical apptationsinvolve choice setshatare relatively small (14 and 11 sites,
respectively), and thusstimating dull set of ASCsalong with the main, interaction, and scale
ratio parameters is relatively straightforwarsing standard gradiebased seardechniques.
For large choice set applicatioesnployng B e r {6y addrgractionmapping to numerally

solve for the implied ASCsiay be necessary.

IV) Data

To illustrate he logic of our approach amgmonstrate its potential valuge reconsider
two related data sets previously analyzedh\dgmowicz et al[2] andHaener et al.14]. The
first examines preferences among moose hunters in the Canadian province of Alberta for visits to
14 wildlife management units (MUs) and their associated site attributes. This data set
provides informatioron the actual visits made by 2iffbbose hunters to the WMUs as well as
answers t@ series of choice experiment questiusto 16 in totalthat solicited hypothetical

choicesamongtwogeer i ¢ hunt i n g ustidt eddpeeapaodnendl designo p t
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included attributes based on distance from home, road quality on which the person traveled to

reach the site, access conditions, encounters with other hunters, forestty aicthe site, ad

the local moose population. Expected values for these variables at the 14 WMUs are also

available corresponding to the time that the observed visitation behavior was reddrdedp

half of table 1 provides a summary of the varedand their RP mearthat are available in both

the RP and SP data as well as information that is available on the individual survey respondents.
The second data set is similar to the first but examines preferences among Saskatchewan

moose hunters for visits to Hdildlife management zones (WNY 532hunters provided

information on the trips they made to the 11 sites as well as answers to a set of choice

experiment questionsip to 14 in totalyhat were gnilar to the AlbertaSPapplication.

Attributes included distance, access conditions to the site, encounters with other hunters, forestry

activity, the local moose population, and variables describing other species present at the site.

The bottom half ofdble 1 provides a desptionand summargf the variables as defined and

used in the analyss.

V) Results

The results of our analysis using the Albetéta are presenténl tables 2 an® and for
the Saskatchewan datatables 4 an&. Table 2 repostparameteestimatesvith the Alberta
data set for severalstematically andandonty varying parametespecifications.Each row of
the talbe corresponds to a separate varighbg wewishto identify. These include a travel cost
term, attributes of the 14 recreation sitieseractions between three individual characteristics
andeachsite attributea scaleatio parameterASCsfor eachrecreation sitéess one for

normalization and a randomaffectfor each site attributeThe random coefficients reflect

12



heterogeneity in attribute preferences not accounted for by the interaction terms, and can be
interpreed asstandard deviatiorf®r the normally distributed main effects parametése
presenparameter estimates andtatisticsfor five models arrayed agss tle tencolumns From
left to right these include RP onlymodelwithout ASCs a RP only model with ASCs SP

only model, acombined RP/SP model withoAGCs, and our mosieneral model that uses both
RP and SP dataith ASCs.

In generalwe find parametesigns and significance that are intuitive and matevious
analysessing this dataFor all five modelsboththe inclusion of interaction terms and random
effectsin theparameter specifications jointly add considerable explanptmmer(see the
reported pvalues at the bottom of table, 2ithoughmanyof the interaction terms are not
individually statistically significanf. Focusing first on th&P dataonly model without ASCin
columnsone and twpwe find that a number of pameters No Trail, 4WD Trail, On Foot On
ATV) are not identified due to multicollinearity in the RP dafhe addition of ASCs in colunsn
three and fouresults in a more severe identification problem as the effents associated with
all observed sitattributes excepgtnpavedwhich varies across sites and individuag¢sause
different individuals use different roads to access the)stesconfounded with the unobserved
site attributes Moreover,as we report in the append&seconestageOLS regression of the
ASCs on the observed attributes did not produce signifargpiausibly signeéstimates’ As a
result, welfare analysdanvolving changes in any attributesideslravel CostandUnpavedare
not possible.This finding might lead on® prefer the more parsimoniosgecificatiorwithout
ASCs but alikelihood ratio teststronglysuggestshatthe gains in statistical fit arising from the

addition ofthe ASCsare significan{p-value <0.0001).
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Columnsfive and sixreport parameter astates for the SP data only model. For this
specification, arbutside Dummyariable isinteracted with demographicaca random effectat
account for the inclusion of thee 0-p tt doption. Confirming our claim in section Il, the
experimental design eralided in the choice experiments permits identification of all main,
interaction, and random effect parameters for the observed attributes. However, the SP data does
not identify the role of unobserved attributes that are specititeWMUs. Unless theanalyst
restrictively assumes that unobsernaédt r i but es have no inflyence or
welfare analysis is not feasible with the SP only specification.

Finally, columnsseven through tereport estimates for tr@ombinedRP/SP models.

Fusing the data sources facilitates identification of all main, interaction, and random effects for
the observed attributes. Comparing toenbinedRP/SP models ith and without ASCswe

find a substantial and statistically significant mapement in fit generated by the addition of
ASCs(p-value < 0.0001) Combired with the results in colummisree and fourthese results
highlight the significant gains in statistical fit arising fr@ontrollingfor unobserved site

attributes itheRP cata. Moreover, although the signs of the main effects parameters generally
do not change with the additiai ASCs, their magnitudes change substantially (see, for
example, théld Trail, <1 Moose and3/4 Moosevariables). This finding suggests that
correlations between observed and unobserved attributes are present in the data and lead to
biased estimates.

Based on the RP only, SP only, amnbinedRP/SP resultst is possible to test whether
the crossequation restrictionembedded in the combin®&P/SP model are statistically vahd
is commonin theRP/SP literatureA likelihood ratio test suggesthat we carstrongly reject

the crossequaion restrictions (pvalue <0.0001). This empirical finding contradicts
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Adamowi c P earlierfiradlihgswith thesameAlbertadata thatisemore parsimonious
models®® It also runs counter to the experimental evidence from Taylor [@5hland List et al.
[18] thatfind pooling theobserved atibute parameters acrodse RP and SP datzannot be
statistically rejectedUpon discovey of this empiricalresult we first conjectured that it may
reflect that ourrich models of observed and unobserved heterogem@overfitting the RP and
SP d#aand spuriouslyeadng us to rejecthe crossequation restrictionsWe therefore
considered aumber of more parsimonious specifications where we dropped interaction terms
selectively andn total (see the bottom of table 2).-values from these spiéicationssimilarly
implied that the crosgquation restrictionsould bestronglyrejected We also conjectured that
measurement error in the RP dataods observed
equation restrictionsRecall that th&kP attributes are averages across relatively large land areas
often several thousand hectares in sités difficult for us tostatisticallyevaluate this
conjecture, although we suspect that it plays some role in our findings. wslsecognizd that
one couldogically concludefrom our resultgshat our maintained assumption that the RP and SP
data generating pcesses are the same is invalid, perhaps due to hypothetical or strategic bias in
the SP datd' To the degree thalifferences in the behiral models that generated the RP and
SP data existheyrepresentimitations for our identification strategy.

To further examine the differences between mqdatse 3repors partiatequilibrium'?
welfare estimates fdhree scenarios:

Scenario #1: Loss of SiteremoveWMU #344 from the choice set (site#5

Scenario #2: Reduction in Moose Populatianove from > 4 moose per day to

3-4 moose peday at WMU #348 (site #7)

15
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Scenario #3: Increase in Moose Populationove from < 1 moosper day to 12

moose per day at WMU #344 (site #5)
Following vonHaefen P8|, each estimate is construcishditionally on thebserved choice"
For the specification using only RP data and no &8Cow one we find that all welfare
estimates aralentified but have large standard errors. This contrasts with the RRithata
ASCs models imow two, which are only identified for the site loss scenario because the moose
attributesd main effects are confaawnyed with
estimatesn row threeare qualitatively similar and far more precise relatovéheir RP only
counterparts Theyrely, howeverpon the restrictivand unrealistiassumption that unobserved
determinants a$itesdo not influence choice.

Turning to thecombinedRP/SP modelgpwsfour andfive of table 3report estimates
based on the specifications with cr@spiation restriction&columnsseven through teim table
2). For the site loss am@duced moose populatiscenarios, we find qualtigely similar
estimates. TheombinedRP/SPreduced moose populatissenario point estimates are smaller
than those exploiting ¢ier RP or SP data only, but tag¢ter have significantly larger standard
errors. The increased moose population scenarios are qualitatively different with and without
ASCs. The inclusion of ASCs results in much a larger point estimate ($61.02 versus $2.99), but
the larger estimate s has asubstantially larger standard error (20.6 versus 2.37). This
empirical finding i El9 Mante €arlsresalts that tivd ekslandfiur doc k 6
ASCs can leatb biasedvelfare estimates and spurious precision.

Because we strongly rejected the hypothesis that the-equsdion restrictions
embedded in theombinedRP/SP modelbkold, we also consideresbme alternative strategies

for congdructing welfare measures that relied on botladaiurces but did not imposess
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equation restrictions. The first strategy used the RP data only estimates when available, and used
the SP data only esti mat es t @acdorhplishdd byitreainguni d e
the ratio of travel cost parameters in the RP only and SP only models as an estimate & the scal
parameter ratio, and using tlestimated ratio to rescale the SP estimartekarrive atfill -in
values for the missing RP onlytesates. The second strategy follows Swait, Louviere, and
Williams [24] and combines the SP only estimates with estimates of the ASCs constructed with
theRPdataaThese ASC esti mates were constructed by
i.e., fixing the main, interaction, and random effects at their estimated SP only values and
conditionally estimating a full set of AS@sda scale ratiovith the RP dataWelfare results
based on these two strategies are reported in the additional results section of table 3. We find
that these estimates are qualitatively similar for the site loss and reduced moose population
scenarios, but smaller and more preciselyrestied for the increased moose population scenario.
The divergence in the increased mooseybtation estimates reflects tfect that the key
parameters{1 Mooseand1/2 Moosg are qualitatively different across the RP only, SP only,
andcombined RP/Shodels We do not take a stand on which of these estimates is most
defensible, but instead view the range of estimasgsrovidingvelfarebounds for this
scenario-’

Tables 4 and 5 report a similar sefiaflingswith the Saskatchewan datehich we
briefly summarize hereAcross the five different models reported in tables 4 and 5, we find the
inclusion of interaction and random effects to be strongly statistically significant. afaeagter
estimateseported incolumnsone through sixn table 4also suggest that several paraerstare
not identified when eithedRP or SP data is usatbne Fusing the RP and SP data generates

similar gains in terms of parameter identificat{see columnseven through tgnand the
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inclusion of a full set of ASCgenerates a significant improvement in fit as well as qualitatively

different welfare estimates (e.g., the moose main effects). Likelihood ratio tests of the cross

equation restrictions embedded in toenbinedRP/SP models are again strongly rejected.
Table 5 reports welfare estimates for three policy scenarios:

Scenario #1: Loss of SiteremoveWMZ #59from the choice set

Scenario #2: Reduction in Moose Populatianove from > 3 moose per two

days to 1 mose per day at WMZ #59

Scenario #3Increase in Moose Populatidrmove from 1 moose per two dato

1 moose per day at WMZ #66
The pattern of these estimates is similar to what we found with the Alberta data. Only the site
loss welfare estimates could be constructed with the RP data dusticollinearity inthe
moose attributes, and th®& ®nly welfare estimates assume tnavbserved attributes have no
role in determining choice. Some differences betweendh&inedRP/SP welfare measures
arise for specificationsvith and without AEs, especially in terms of the increased moose
population scenario. Comparisons across welfare estimatesmtiinedRP/SP models that
impose crosequation restrictions and those that do not suggest a range of values for all three

scenarios, althoughehestimates based on the RBdels with SHill -ins are notably imprecise.

VI)  Conclusion

We draw four general conclusions from our conceptual and empirical findings in this
paper. First, accounting for heterogenéityhether it arises from unobserved site attributes or
observed and unobserved preference variédtisran issue asubstantialmportancein non

market valuation applications. Results from our moose hunting applications as well as previous

18



results by[19], [26], and B] strongl suggest that accounting for heterogeneity can improve
statistical it, reduce bias, and altpolicy implications. Second, oeombinedRP/SP approach
to identifying preference parameters in the presence of unobserved determinants of choice
represents a feasible and in mavgys attractive alternative ®P only approaches. By fusing
these data sources, wecumvented the limitationssociated witlrRP onlytwo-step estimators
that lequire large choice sets, variatiorthe observed attributes, and instruments for
endogenous attributes.

These first two points have relevance beyond the context and analytical appeoach
haveconsideredere Indeed, alhpplications considering the demand for quddififerentiated
goods must in some way address unobserved asp
attributes. While the transportatioand marketinditeratures havemade substarai use of
combinedRP/SP approaches o#r areas such as public finance, labor economicsnduodtrial
organization have historically relied on E&ta alone.Our sense is that problems in these areas
could benefit from our approaclhor example, measuag the demand for school quality through
residential location decisions has a long historgublic finance but is made difficult by the
endogenous nature of school quality and unobserved determinants of household sorting.
Combining RP data on residaitlocation choices with SP data on school quality preferences
may helpidentify these confounding effectd.ikewise, estimating the value of statistical life
(VSL) implied bywage/mortality risk tradeoffsom labor market dates difficult due to
seletion effects and correlation between risk measures and unobserved job attiuildiag
on earlier work by Evans and Visclyi$B], asystematic accounting for unobserved job and
personspecific characteristics within the context of a combined RP/SP approach may be fruitful

in this area as wellFinally, analytical approaches beyond RUM analysis may benefit from the
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i deas we évFerepamaesoaimt data models and hedonic regression equations may
suffer from the same identification probl ems
Versions of our solution tailored to these contexts may constitute areas for furthestresear
Our third concluding point acknowledges the limitations of our combined RP/SP
approach.Most importantly,our identification strategsequires additional SP data that, with few
exceptions, must bgathered in theamebehavioralcontextasthe RP dat In addition, the
assumption of a common data generating process across the RP and SP data sources must be
maintained.Since this is a testable hypothesiss possiblethatour identification strategy will
fail if the pooling hypothesis is rejectess waghe cas in our application We providetwo
remarks related to this issuEirst, the state of knowledge on SP data gathering has advanced
substantiallyin the fifteen years since the filRP/SP fusing methods appearehd ecent
literature(e.g.[22]) seemdo suggesthat consequential data generating processes can be
effectively mimicked in experimental settings. Our sehseeforeis thatex ane steps can be
takenduringthe desigrand implementationf the SRchoiceexperimend thatmaximize the
likelihoodthe RP and SP data can be pool&thile the specific steps will be contedépendent
they are likely to involve focus groups, cutiye interviews, and prestsi see Kanninefl5]
for further details Second, even if identification fajlpragmaticex poststeps may allow the
analyst toarrive at acombined RP/SEharacterizatioof preferences that #ill preferred to RP
or SP alone For example, professional judgmemd accumulated knowledgaght suggest
that some parameters are more credibyntified from one or the other datawce. In the
recreation contextve mayhave more confidence in the travel cost parameter estimated off the
RP data, but prefer neprice attribute parameters estimated offékperimentaSP design. In

our applicationwe explored some of these pragimaptions and presented them as sensitivity
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analyses.Our conjecture is that pragmatic and transparent judgments on how to proceed if
pooling is rejected will in general still be preferred to the alternative of ignoring unobserved
attributes of the quiy/-differentiated goods. Indeedyrfroughly half otthe policy scenariosve
consideregwe found qualitatively similar estimatasross three plausible approaches to welfare
construction. For the other scenariogt three approaches to constructingfewee measures
implied bounds that may be sufficiently informative for policy.

Our final concluding point is to reiterate tloth the RP only andombinedRP/SP
approaches to identifying preference parameters in the presence of unobserved attributes have
strengths and weaknesses. We believerthietter approach is strictly preferred to the other;
data environments will likgl dictate which approach is adopiedutureapplicatiors. Having
said this, we also believe tHature researcehouldempiricdly compareboth approaches with a
common data set @scertairwhethertheygenerate qualitatively similar parameter and policy
inferences. Such a comparison would demand a very rich détarsetwithSP data as well as
RP data withmanyobjectsof choice, sufficienbrthogonalityin attribute space, and instruments
for endogenous attributest would, howeverhave the ptential to clarify thgperformance of

both approaches inralativelycontrolled data environment.
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Table 1: Variable Definitions

1993 Alberta Data (14 Sites, 271 Observations)

Site Characteristics

Variable Definition RP Mean
Travel Cost Round trip travel cost $219.71
Road quality (excluded categarymostly paved, some gravel or dirt roads)

Unpaved Some paved, mostlyravel or dirt roads (effects coded) -0.82

Hunter access (excluded categdrgewer trails, passable with twwheetdrive vehicle)

No Trall No trails, cutlines, or seismic lines (effects coded) -0.21
Old Trail Old trails, passable with ATYeffects coded) 0.21
4WD Trail Newer trails, passable with fowheeldrive vehicle 0.14

Hunter congestion (excluded categdrgncounters with other hunters on trucks)

No Hunters Encounters with no other hunters (effects coded) -0.64
On Foot Encounters with other hunters on foot (effects coded) -0.64
On ATV Encounters with other hunters on ATVs (effects coded) -0.29

Forestry activity (excluded categoirysome evidence of recent forestry activity)

No Logging No evidence of receffibrestry activity (effects coded) 0.57

Moose variables (excluded categérgvidence of 4 or more moose per day)
<1 Moose Evidence of < 1 moose per day (effects coded) 0.14
1/2 Moose Evidence of 1 to 2 moose per day (effects coded) 0.50
3/4 Moose Evidence of 3 to 4 moose per day (effects coded) 0.07

Individual Characteristics Sample Mean
Total Trips Average number of trips to all sites 3.62
Gen Hunt Exp Years of hunting experience (count) 20.2
Edmonton Dummy forEdmonton resident 0.45
HS Diploma Dummy for high school diploma 0.91

1994 Saskatchewan Data (11 Sites, 532 Observations)

Site Characteristics

Variable Definition RP Mean

Travel Cost Round trip travel cost $251.49

Hunter access (excludeategoryi access on foot or ATV)
2WD Access passable with twavheeldrive vehicle (effects coded) 0.55
4WD Access passable with fouwheeldrive vehicle (effects coded) 0.45

Hunter congestion (excluded categdrgncounters with other hunters &TVs)

No Hunters Encounters with no other hunters (effects coded) -0.45
On Foot Encounters with other hunters on foot (effects coded) 0.09

Forestry activity (excluded categorysome evidence of recent forestry activity)

No Logging Little or no evidence of recent forestry activity (effects coded) 0.27

Moose variables (excluded categdrgvidence of 3 moose every 2 days)
<1 Moose Evidence of < 1 moose every 2 days (effects coded) 0.55
1 Moose Evidence of 1 moose per day (effects atyde 0.18

Wildlife species (excluded categdrgightings of common wildlife2 previously unseen species, and
possibly rare or endangered species)

Common Species Only sightings of common wildlife (effects coded) -0.09
Unseen Species  Sightingsof common wildlife and 2 previously unseen species (effects -0.55
coded)

Individual Characteristics Sample Mean
Total Trips Average number of trips to all sites 1.37
Gen Hunt Exp Years of hunting experience (count) 23.23
Urban Dummy for residents of Whitecourt, Hinton, Edson, or Drayton Valley 0.81
HS Diploma Dummy for high school diploma 0.89

! For the Alberta SP data, travel costs were generated assuming travel distances of 50, 150, 250, and 350 k
For the Saskatchewan SP data, travel costs were generated assuming travel distances of 75, 250, and 425
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Table 2i Alberta Parameter Estimates

RP Data Only, RP Data Only, RP & SP Data, RP & SP Data,

No ASCs ASCs SP Data Only No ASCs ASCs
Log-Likelihood -1,465.7 -1,386.4 -3,010.0 -4,817.8 -4,521.6
Est. T-Stat Est. T-Stat Est. T-Stat Est. T-Stat Est. T-Stat
RP/SPScale Ratio - - - - - - 0.448 5.73 0.240 7.31
Travel cost -0.615 -1.73 -1.305 -4.48 -0.701  -12.3 -1.148  -5.45 -1.935 -7.69
Unpaved 1.202 1.46 -0.200 -0.23 0.001 0.02 0.165 0.80 0.538 0.83
x Gen Hunt Exp -0.019 -0.68 0.030 0.82 -0.005 -1.29 -1.035 -1.30 -2.164  -1.78
x Edmonton - - - - 0.169 2.34 0.274 1.78 0.595 2.17
x HS Diploma -3.026 -2.15 -3.355 -2.26 0.008 0.06 -0.311  -0.93 -0.353  -0.60
x Random Effect 1.898 3.25 1.974 6.51 0.109 1.01 0.356 2.77 0.554 2.19
No Trail - - - - -0.105  -0.47 -0.444 -1.01 -1.936  -1.48
x Gen Hunt Exp - - - - 0.001 0.11 0.927 0.51 0.622 0.19
x Edmonton - - - - -0.763 -4.25 -1.366 -3.23 -2.219 -3.32
x HS Diploma - - - - 0.149 0.45 0.015 0.01 1.679 1.46
x Random Effect - - - - 0.820 8.18 1.039 5.22 1.861 6.12
Old Trail 0.758 0.80 - - 0.313 1.51 0.253 0.40 1.861 1.84
x Gen Hunt Exp 0.032 0.52 -0.023  -0.77 0.005 0.44 1.891 0.71 -1.079  -0.48
x Edmonton 0.813 0.79 1.536 3.58 0.322 1.68 1.301 2.76 1.997 2.92
x HS Diploma 1.828 0.77 1.525 0.73 -0.201 -0.51 0.634 0.98 -0.693  -0.93
x Random Effect 2.041 3.14 2.202 5.96 0.919 9.30 1.364 8.02 1.863 6.77
AWD Trail - - - - 0.150 0.87 -0.289  -0.49 0.737 0.98
x Gen Hunt Exp - - - - 0.001 0.14 1.012 0.40 2.158 1.04
x Edmonton - - - - 0.218 1.43 0.395 1.20 0.744 1.46
x HS Diploma - - - - 0.257 0.69 0.263 0.31 -0.658 -1.10
x Random Effect - - - - 0.496 6.23 0.897 3.93 1.195 4.61
No Hunters -2.485  -3.75 - - 1.272 7.93 2.293 5.08 3.357 2.81
x Gen Hunt Exp 0.001 0.07 -0.007 -0.28 -0.017 -2.85 -2.750 -2.08 -4.725 -2.05
x Edmonton 0.971 2.41 2.685 4.30 -0.027  -0.20 -0.002 -0.01 -0.232  -0.47
x HS Diploma -0.765 -0.71 -0.452 -0.30 0.134 0.38 0.356 0.53 0.998 1.13
x Random Effect 0.925 2.34 1.298 5.93 0.397 4.62 0.510 3.50 0.940 2.64
On Foot - - - - -0.127 -0.65 -0.180 -0.51 -1.216  -0.96
x Gen Hunt Exp - - - - 0.003 0.34 0.293 0.19 1.107 0.40
x Edmonton - - - - 0.316 2.11 0.524 1.73 0.909 1.77
X HS Diploma - - - - -0.176  -0.50 -0.311 -0.48 0.750 0.69
x RandomEffect - - - - 0.382 4.05 0.235 1.12 0.634 1.57
Oon ATV - - - - -0.430 -2.27 -1.541  -3.92 -1.200 -1.16
x Gen Hunt Exp - - - - 0.003 0.42 1.309 0.88 1.296 0.62
x Edmonton - - - - 0.010 0.07 -0.022  -0.09 0.543 1.13
x HS Diploma - - - - -0.223 -0.74 -0.460 -0.84 -0.591 -0.64
x Random Effect - - - - 0.251 1.87 0.423 2.66 0.794 2.88
No Logging 1.243 0.85 - - -0.049 -0.39 0.158 1.04 -0.242  -0.67
x Gen Hunt Exp 0.002 0.04 0.025 1.00 0.006 1.08 0.738 0.98 1.215 1.23
x Edmonton -0.469 -0.36 -0.405 -0.79 -0.013 -0.15 0.206 1.50 0.538 2.43
X HS Diploma -0.149  -0.09 0.202 0.11 -0.211  -1.59 -0.292  -1.07 -0.126  -0.47

x Random Effect 1.735 3.38 1.083 6.00 0.321 3.97 0.379 3.22 0.632 2.79

Boldface indicates statistical significance at the 5 pedespt. All random coefficient estimates generated with 500 guasi
random draws.
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