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tion Bias in Contingent Valuation:Appli
ation to Forest Biodiversity1Serge Gar
ia, Patri
e Harou, Claire Montagné, Anne StengerAbstra
tIn this arti
le, we use two formats of 
ontingent valuation (CV) questions to eli
it willing-ness to pay (WTP) for maintaining biodiversity in forests: the di
hotomous 
hoi
e (DC) orreferendum format and the open-ended (OE) question. A large population of Fren
h house-holds were surveyed nationwide by phone. The sample of respondents was later divided intotwo subsamples: people who have re
reational a
tivities in forests and those who do not. Thisdi
hotomy potentially biases WTP as the de
ision to have re
reational a
tivities in forests isendogenous. We estimate a Probit model with sample sele
tion to 
orre
t this bias in the DCquestion. With the OE question, a se
ond sour
e of sele
tion bias related to nonrandom 
en-soring is present: some respondents are unwilling to pay. We use an extension of He
kman'sapproa
h to the double sele
tion problem. The empiri
al appli
ation shows that ignoring thesesample sele
tion problems leads to biased estimates of mean WTP for biodiversity in a nationalsurvey for Fran
e.Keywords: Forest biodiversity, forest re
reation, 
ontingent valuation, sample sele
tion bias, dou-ble sele
tionJEL Classi�
ation: C24, Q26
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1 Introdu
tionThe ba
kground of this national survey of non-market goods and servi
es in Fren
h forests has beengiven elsewhere (Peyron et al., 2002; Gar
ia et al., 2007). The main obje
tives of the survey wereto: (1) value re
reation in Fren
h forests using travel 
ost methods and underline the di�eren
esbetween the main regions of Fran
e, 
onsidering households' visits over two 
onse
utive years; and(2) value biodiversity in Fren
h forests using a 
ontingent valuation (CV) analysis. A questionnairewas designed with these two obje
tives in mind and was administered to households through atelephone interview. Given the 
omplexities involved in biodiversity values, only the CV methodwas identi�ed as adequate for su
h a national survey.In this study, the s
enario formulation of the CV survey is 
hara
terised by two questions onthe willingness to pay (WTP) for biodiversity in forests: a di
hotomous 
hoi
e (DC), or referendumquestion, and an open-ended (OE) question. Two types of e
onometri
 models are usually usedin this 
ontext: a Probit model for the DC question and a Tobit model for the OE question.The obje
tive of this paper is to propose an e
onometri
 methodology that produ
es 
onsistentparameter estimates and unbiased WTP giving spe
ial attention to the issue of sample sele
tionbias.Two main lines of resear
h have addressed the issue of sample sele
tion bias in 
ontingent valu-ation studies. The �rst refers to the problem of non-response. Non-response is 
ommon and oftenimportant in CV surveys. A non-response bias o

urs when some 
ru
ial 
hara
teristi
s of individ-uals are missing and when the two populations of respondents and non-respondents di�er, resultingin di�erent WTPs. Non-response 
an even lead to sample sele
tion bias if ea
h subsample di�ersin WTP be
ause observable or non-observable 
hara
teristi
s are di�erent for ea
h subsample. Theissue of sample sele
tion bias (and of non-response bias) has been widely dis
ussed (see for instan
e,Whitehead et al., 1993; Eklöf and Karlsson, 1997; Yoo and Yang, 2001).The se
ond problem in CV studies that 
an 
ause sele
tivity bias 
on
erns protest votes. Thereexist two types of zero responses: a true zero value when respondents are truly averse or indi�erentto the good for whi
h a WTP is soli
ited, and a false zero value when the response provided iszero (although the true WTP is positive) due to an adverse rea
tion to the interview or to thepayment vehi
le. If protest values are 
onsidered as true zero values, then the mean WTP is biaseddownward; thus a minimal way to 
orre
t this bias is to remove the protest responses from thesample. However, this solution is not fully satisfa
tory sin
e many observations might be dis
arded.Instead, one may use a sample sele
tion model to take into a

ount protest values and to 
orre
tany bias due to di�eren
es between the two populations of zero responses (see for instan
e Strazzeraet al., 2003a; 2003b). 2



V
er

si
on

 p
os

tp
rin

t

Comment citer ce document :
Garcia, S., Harou, P., Montagné, C., Stenger, A. (2009). Models for Sample Selection Bias in

Contingent Valuation: Application to Forest Biodiversity. Journal of Forest Economics, 15
(1-2), 59-78.  DOI : 10.1016/j.jfe.2008.03.008

An e
onometri
 treatment spe
i�
 to sample sele
tion problems is required in this study. How-ever, the sour
e of sample sele
tion is di�erent and espe
ially important in a national survey aspresented here. We have two types of respondents in the national survey: some have re
reationala
tivities in forests and others do not. It is likely that the WTP is di�erent a

ording to whetherthe respondent is a forest visitor or not. We suspe
t that disturban
es in ea
h equation (de
ision tovisit and DC question) are 
orrelated. Gar
ia et al. (2007) show e�
ien
y gains in the estimationpro
edure using a simultaneous bivariate Probit equation model. If we want to 
ompare the WTPof ea
h group of respondents in the 
ase where forest visitors and non-visitors are not drawn fromthe same population, then the sample sele
tion problem should be a

urately dealt with. Indeed,observed and non-observed 
hara
teristi
s of respondents 
ould in�uen
e the 
hoi
e of re
reationin forests and WTP 
ould di�er a

ording to the population under study. A 
orre
tive method forsample sele
tion, analogous to that used by He
kman (1979), 
an be applied in the Probit analysis(van de Ven and van Praag, 1981).In the 
ase of the OE question, we 
onsider a se
ond sour
e of potential sele
tion bias that isrelated to 
ensoring in the Tobit model. Some respondents are unwilling to pay whereas othersgive a stri
tly positive amount. The reason for this di�eren
e may be found in the individual
hara
teristi
s of the respondents. Hen
e, the de
ision to pay or not may be explained by di�er-ent fa
tors even if they are still 
onsidered as dependent. The proper way to pro
eed would beto 
orre
t the bias that results from the estimation of the WTP equation from this nonrandomsubsample (respondents who provide positive values). The 
orre
t approa
h is the standard Tobitwith sele
tivity. The method used here 
onsists in adapting He
kman's pro
edure to the 
ase wheretwo simultaneous and 
orrelated sample sele
tion problems (endogenous visit and positive WTP)o

ur. A model with double sele
tion, as proposed by Ham (1982) and Tunali (1986), to estimateWTP is developed in our analysis to 
orre
t these two sour
es of sele
tion bias.The organisation of the arti
le is as follows. In se
tion 2, we brie�y review the e
onomi
 modelsfor the DC and OE questions and explain the e
onometri
 methods used to 
orre
t the samplesele
tion bias. Se
tion 3 des
ribes the survey and the data, while se
tion 4 presents the resultsbefore 
on
luding.2 ModelsThe preferen
es of respondents for biodiversity 
onservation in forests are likely to be di�erenta

ording to many individual 
hara
teristi
s (e.g. in
ome, age, interest in the forest). In addition,there are good reasons to think that the value given to biodiversity in forests is not the samedepending on whether one is a visitor of forests or not (V ). If V is used as an explanatory variable3
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of di�eren
es in WTP but at the same time is determined endogenously (i.e. 
orrelated with someobserved or unobserved variables in the regression), the model is subje
t to sele
tion bias. So if thevalue given to biodiversity is not independent from the probability of visiting forests by individualswith spe
i�
 
hara
teristi
s, then the validity of estimates in the WTP regression will be a�e
ted.We thus present a sample sele
tion model for DC-CV analysis taking into a

ount and 
orre
tingthe bias due to the existen
e of two groups of individuals (forest visitors and non-visitors).Con
erning the OE question, zero and positive values2 are used to estimate WTP, but zeroresponses might be explained by some individual 
hara
teristi
s su
h as household in
ome. Hen
e,these zero values may be non-random in nature. A Tobit model with sele
tivity su
h as that usedby Köhlin (2001) taking into a

ount the dependen
e between the de
ision to pay and the size ofthe payment 
ould solve this problem. However, this sele
tion bias due to non-random 
ensoringadds to the sele
tion bias due to forest visits explained above. Hen
e, we have to use a pro
edurefor 
orre
ting the double sele
tion bias.2.1 The DC questionLet I∗i represent the di�eren
e in (indire
t) utility with respe
t to the biodiversity level in forests q,whi
h would take two values: q1 for �preserved biodiversity� and q0 for �altered biodiversity�. Thelatent variable equation 
an be expressed as:
I∗i = XIiα + εIi, (1)where XIi is a ve
tor of exogenous variables (in
luding ti, the amount proposed for preservingbiodiversity), and α is the asso
iated ve
tor of parameters. If I∗i > 0 then the respondent i iswilling to pay ti and vi
e versa. The de
ision rule is thus:

Ii =





1 if I∗i > 0

0 otherwise (2)We now 
onsider the 
ase where the distribution of respondents a

ording to whether they havere
reational a
tivities in forests or not is assumed to be non random. In this 
ase, the samplesele
tion rule is based on whether the respondent is a forest visitor (Vi = 1) or not (Vi = 0)
onditionally to the unobserved measure V ∗

i of in
lination of respondents to have re
reational2A follow-up question was asked when the answer was zero to the OE question with the obje
tive to identifyprotest responses: �If the amount is equal to zero, is it be
ause forest biodiversity is not really of interest to you orbe
ause you 
onsider that you do not have to pay for that?� In our study, only true zero values are in
luded in theWTP regression. Protest responses, i.e., when individuals are willing to pay something for a de�nite program butde
lare zero for reasons related to the pro
ess of valuation, are removed from the database, see Gar
ia et al. (2007).4
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a
tivities in forests:
Vi =





1 if V ∗

i > 0

0 otherwise (3)The latent variable equation is:
V ∗

i = XV iδ + εV i (4)where XV i is a ve
tor of exogenous variables, and δ is the asso
iated ve
tor of parameters.The regression fun
tion asso
iated to equation (1) for the sub-sample of observations V ∗

i ≥ 0is:
E(I∗i |V ∗

i ≥ 0) = XIα + E(εIi|V ∗

i ≥ 0), (5)Assuming that εI and εV are bivariate standard normally distributed with 
orrelation 
oe�
ient
ρIV , we have:

E(εIi|V ∗

i ≥ 0) = ρIV λi, (6)where λi = φ(XV iδ)
Φ(XV iδ)

with φ and Φ respe
tively the standard normal probability density fun
tion(pdf) and the 
umulative distribution fun
tion (
df). Hen
e we 
an rewrite equation (1) as follows:
I∗i = XIα + ρIV λi + ε̃I , (7)where E(ε̃I |V ∗

i ≥ 0) = 0 and E(ε̃2
I |V ∗

i ≥ 0) = τ2
i = 1 + ρ2

IV λi(XV iδ − λi).Equation (7) is the new latent variable equation taking sample sele
tion into a

ount, whoseestimates will be 
ommented on in the Results se
tion. As in Van de Ven and Van Praag (1981),we pro
eed in a three-step approa
h:1. An estimation of the Probit model (3)-(4) is made giving 
onsistent estimates δ̂ and thus alsoproviding 
onsistent estimates λ̂i = φ(XV iδ̂)

Φ(XV i δ̂)
;2. Consistent OLS estimates of α and ρIV are obtained from the linear probability model I =

XIiα + ρIV λ̂i + ε̌I . Then τ2
i 
an be repla
ed by τ̂2

i = 1 + ρ̂2
IV λi(XV iδ̂ − λ̂i) in the followingstep.3. The Probit estimation te
hnique is applied to equation (7) in whi
h all explanatory variables

XI , λ̂i and the error term are preliminarily divided by τ̂i in order to have a varian
e equal toone.The Probit estimates α̂ and ρ̂IV from the third step of the estimation pro
edure have to be
onsidered as approximations sin
e their error terms are not ne
essarily normally distributed. How-ever, as noted by Van de Ven and Van Praag (1981), the ML estimates and the estimates of theProbit model with sample sele
tion 
orre
tion show a striking resemblan
e.5
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2.2 The OE questionIt is also possible to dire
tly regress the maximum WTP on a set of exogenous variables when therespondent is asked to reveal the maximum amount he/she would pay. Hen
e, the respondent'sWTP is estimated using a Tobit model for 
ensored data. This model assumes that the WTP is alatent variable su
h that:
WTP ∗

i = Xiγ + εi, (8)where Xi is a ve
tor of exogenous variables, γ is the asso
iated ve
tor of parameters, and εi representthe errors, independently and normally distributed with mean zero and varian
e σ2. However, whatwe observe is in fa
t the variable WTPi that is related to WTP ∗

i by the following rule:3
WTPi =





WTP ∗

i if WTP ∗

i > 0

0 otherwise (9)The probability asso
iated to observations for whi
h the variable WTPi is zero, is:
P (WTPi = 0) = Φ

(
−Xiγ

σ

)
. (10)For the positive values of WTPi, we have:

P (WTPi > 0) × f(WTPi|WTPi > 0) = f(εi) =
1

σ
φ

(
WTPi − Xiγ

σ

)
, (11)where φ(.) is the standard normal pdf.Using a standard Tobit model implies that zero and positive values are assumed to be theexpression of a unique 
hoi
e model (Strazzera et al., 2003a). In other words, it assumes that thesame fa
tors a�e
t both the de
ision to pay and the size of the payment, and it imposes the samestru
ture on these two de
isions (Köhlin 2001). If a non-random sele
tion bias due to 
ensoring issuspe
ted, a more general approa
h is the Tobit model with sele
tivity. In su
h a model, we �rstestimate a Probit model to explain a positive WTP and then we report the inverse of Mill's ratio asan additional regressor in the positive WTP regression estimated by ordinary least squares (OLS).This leads to the well known two-step estimator of He
kman (1976).3It may be argued that it is theoreti
ally most 
orre
t to 
onsider that the underlying dependent variable WTP

∗

imay be negative in some 
ases. However, in the valuation question to the respondents there is no trade-o� o�eredbetween the good in question (�biodiversity�) and other goods/servi
es provided by forests. Hen
e, it seems moreplausible to assume that the stated WTP of respondents who are indi�erent about forest biodiversity is 
lustered atzero.
6
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Let the following system represent the Tobit model with sele
tivity:
WTPi =





Xiγ + εi if Z∗

i > 0

0 otherwise (12)where Z∗

i = XZiβ + εZi is a latent variable, XZi is a ve
tor of exogenous variables, and β is theasso
iated ve
tor of parameters. εZi and εi are the random disturban
es following a bivariatenormal distribution with zero means and a 
orrelation 
oe�
ient to be estimated. The sample ruleis:
Zi =





1 if Z∗

i > 0

0 otherwise (13)However, we believe that the 
hoi
e (WTP = 0 or WTP ≥ 0) is endogenous, see equation (13),and also that the de
ision to visit a forest, equation (3), a�e
ts the maximum WTP de
lared bythe respondent. Hen
e, we have to regress the maximum WTP with two sele
tion rules de�nedby: (a) the non-random 
ensoring of the OE question, and (b) the forest visit. The estimationpro
edure used here is an extension of He
kman's sample sele
tion te
hnique in the 
ase where two
orrelated sele
tion rules generate the sample. This pro
edure �rst gives estimates by bivariateProbit analysis: probability to pay a positive amount for forest biodiversity and probability to visitforests. The WTP equation is then regressed using the Probit 
oe�
ients to 
orre
t sele
tivitybias in the estimation. The e
onometri
 details of the estimation pro
edure are provided in theAppendix.3 Des
ription of the survey and dataOur data 
ome from a national survey of a large sample of Fren
h households (Peyron et al.,2002). The questionnaire was administered by phone to 4,504 Fren
h households randomly 
hosenby départements within the Fren
h dire
tory over the year 2002. These households were surveyedabout their preferen
es and a
tual behaviours towards forest biodiversity prote
tion and re
reationin forests. We only deal with the part of this survey related to forest biodiversity preservation. Thedesign of the CV s
enario has already been fully des
ribed in Gar
ia et al. (2007).A brief ba
kground relevant to the analysis that follows is presented here. From the survey, weknow whether a person in the household visited forests in Fran
e for re
reational a
tivities in 2001.This allows us to build the dummy variable V that is equal to one in the 
ase of re
reational visitsto forests and zero otherwise. Several so
io-e
onomi
 variables that 
ould a�e
t the mean WTP areavailable su
h as the 
omposition of households, the lo
ation of their residen
e (i.e., urban or ruralarea), or the type of housing. Moreover, we introdu
e several dummy variables for the opinion of7
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respondents 
on
erning forest exploitation4 to �nd out whether this 
an be a determinant of WTP.We also use in the e
onometri
 analysis geographi
al indi
ators for the lo
ation of household resi-den
e be
ause they might 
apture unobserved heterogeneity on forest resour
es and the householdbehaviour. Des
riptive statisti
s on all dependent variables used in our appli
ation are reported inTable 1.[ Table 1 here ℄The s
enario formulation of the CV method was 
hara
terised by two question formats foreli
iting WTP: Di
hotomous Choi
e (DC or referendum) and open-ended (OE). The DC approa
happears to be in
entive-
ompatible in many 
ir
umstan
es. Furthermore, many e
onomists arguedthat most agents fa
ed with an OE question would provide very broad WTP responses if they werea
ting strategi
ally but not truthfully (Carson and Groves, 2007). However, this does not generallyapply. Whether strategi
 behaviour leads to positive or negative bias is dependent on the respe
tivein
entives; there is no general result showing that strategi
 behaviour leads to overpledging.Follow-up questions (su
h as OE questions) have been proposed as one way to improve thee�
ien
y of DC questions. However, the well-known an
horing e�e
t (also known as the startingpoint bias) o

urs, implying a signi�
ant di�eren
e between the WTP distributions from initial andfollow-up question responses (Herriges and Shogren, 1996). When an OE question about WTP isposed after a DC question, it would have to be expe
ted that the OE result is biased towards theresponse of the DC question asked previously. An
horing in�uen
es the OE folow-up question bypulling the response towards the an
hor, yet have no e�e
t on the DC question. However, the DCquestion alone is sus
eptible to an
horing e�e
ts (Green et al., 1998). Champ and Bishop (2006)
ondu
ted a review of 18 re
ent CV studies 
omparing di�erent eli
itation formats (OE, DC andpayment 
ard). The result of this review is that mean WTPs from the DC approa
h equalled orex
eeded those based on the OE approa
h in almost all 
ases.The DC format is su
h that the respondents have to report whether they are willing to paya proposed amount t or not. The amount t was 
learly given as 6, 12, 18, ... or 90¿. We referto the response as the dummy variable I (equal to one if the proposed amount is a

epted, zerootherwise).The OE question asks for the maximum 
ontribution the respondent would a

ept to pay. Thismaximum 
ontribution is denoted WTP . For a `yes' answer to the DC question, the maximumamount had to be at least equal to the proposed amount. For a `no' response, it had to be at most4The question related to the opinion on forest exploitation was initially asked in the part of the survey dedi
atedto the travel 
ost analysis. 8
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equal to the proposed amount. A follow-up question was asked only if the answer was zero to these
ond question to di�erentiate true zero values from protest responses.For the purpose of our arti
le, i.e., the study of interdependen
e between re
reation in forestsand WTP, we report in Table 2 the distribution of observations for the DC question a

ording to
V and I.[ Table 2 here ℄For the OE question, we report in Table 3 the distribution of observations a

ording to V and
Z, where Z = 1 in the 
ase of positive WTP and Z = 0 when the WTP is 0.[ Table 3 here ℄The �nal sample used for our empiri
al appli
ation 
ontains 1,070 households. Most removedobservations were non-responses and missing data, as well as 743 protest responses.54 Results4.1 The DC questionConsider �rst the WTP estimation from the DC question. Estimates of the Probit models withand without sample sele
tion 
orre
tion are presented in Table 4. In the �rst 
olumn we report es-timates of the sele
tion equation (i.e. de
ision of visiting forests). In the se
ond and third 
olumns,we report estimates of the DC equation with sele
tion 
orre
tion, depending on whether respon-dents are forest visitors (V = 1) or not (V = 0). Results of the Probit model without sele
tion
orre
tion but 
onsidering V as an exogenous regressor are in the last 
olumn of Table 4. Details ofthe determinants of the sele
tion equation are available in Gar
ia et al. (2007). We only 
ommenthere on the estimation results 
on
erning the DC question with sample 
orre
tion. Estimates ofthe DC equation without sele
tion 
orre
tion will be used to estimate the mean WTP. However, arapid look at the estimates allows us to note numerous di�eren
es in parameter estimates a

ordingto whether the sample sele
tion is 
onsidered or not.[ Table 4 here ℄Our results show that the parameter estimate ρ̂IV asso
iated with λ is signi�
antly di�erent5See Gar
ia et al. (2007). 9
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from 0 in the 
ase where V = 1. This highlights the dependen
e between the de
ision to visitforests and the WTP of respondents and 
on�rms the ne
essity to 
orre
t sample sele
tion in orderto obtain 
onsistent parameter estimates (and 
onsistent estimates of WTP) in the DC-CV analysis.Con
erning the regressors of the regression, several remarks 
an be made. As expe
ted, theprobability of a

epting the proposed amount depends negatively on the value proposed to ea
hrespondent and is highly signi�
ant (at the 1% level). We noti
e that the estimated parameter isequal to -0.0184 when the respondent is used to visiting forests whereas it is -0.0261 when he/shedoes not have re
reational a
tivities in forests. This result suggests that a forest visitor is morelikely to be willing to pay a higher amount. The parameter asso
iated with in
ome is positive andsigni�
ant (at the 1% level) but only for a forest visitor. The probability of a

epting the proposedamount is signi�
antly di�erent with respe
t to the region of residen
e, and the results are di�erenta

ording to whether the respondent is a forest visitor or not. When they visit forests, WTP ofrespondents is signi�
antly a�e
ted by their opinion on wood harvesting: if the household 
onsidersthat timber harvesting 
ontributes to forest maintenan
e, then its WTP is higher. Moreover, liv-ing in a 
ity has a negative impa
t on WTP for biodiversity, but is signi�
ant only for a forest visitor.[ Table 5 here ℄The estimated mean (and median) WTPs for forest visitors and non-visitors are reported inTable 5 for the Probit models with and without sample sele
tion 
orre
tion. For ea
h subsample,mean WTP is 
omputed for the average respondent (i.e., at the subsample mean of explanatoryvariables). Our results from the model with sample 
orre
tion show that mean WTP is 65¿ andhighly signi�
ant when the respondent is a forest visitor whereas the mean WTP is mu
h lower fornon-visitors (with a value of 11.59¿ signi�
ant at the 10% level). These results indi
ate that thereis a large di�eren
e in WTP between the two subsamples of respondents. The results for the modelwithout sample 
orre
tion shows a similar mean WTP for forest visitors (a bit more than 63¿).However, the estimate for non-visitors is higher with an amount of 30.35¿, suggesting a large biasin estimates.4.2 The OE questionWe now turn to the presentation of results from the OE models. Three di�erent WTP models areestimated:� In Model 1, all observations are assumed to be randomly sele
ted, so that we 
onsider thatthere is no sele
tion bias problem. Therefore, we have a standard Tobit model based on10
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equation (8). Maximum likelihood estimation (MLE) is used from the total sample (N =

1070).6� Model 2 
orre
ts the sele
tion bias related to non-random 
ensoring but V (i.e. re
reationalvisits in forests) is 
onsidered as exogenous. This is the well-known model Tobit with sele
-tivity of He
kman (1976), see equations (12) and (13). The inverse Mill's ratio obtained fromthe �rst-step Probit estimation is a regressor in the WTP equation, whi
h is 
onsistentlyestimated by OLS for the sub-sample of observations WTPi ≥ 0 (N = 860).� Model 3 takes into a

ount a double sele
tion problem due to both non-random 
ensoring andforest visits. This leads to the estimation of two equations a

ording to two regimes: (R1) inwhi
h the respondent visits forest and has a positive WTP for biodiversity (N1 = 699), and(R2) in whi
h the respondent does not visit any forests but has a positive WTP (N2 = 161).Consistent estimates of the modi�ed inverse Mill's ratios obtained in the �rst-step estimationof the bivariate Probit model are reported in the WTP equations a

ording to regimes R1 andR2. The OLS method provides 
onsistent parameter estimates, see des
ription in Appendix.We start by presenting estimates of forest visits and 
ensoring sele
tion equations. These �rst-step estimates allow for the 
omputation of the inverse Mill's ratios entering as regressors in Modelswith sample sele
tion 
orre
tion. The �rst 
olumn in Table 6 shows estimates used in Model 2,whereas the other 
olumns show estimates of the bivariate Probit for Model 3. The null hypoth-esis that ρ is zero is reje
ted at the 1% level, indi
ating the validity of jointly estimating the twosele
tion equations for Model 3.[ Table 6 here ℄Here, we do not detail the results of the probability of visiting forests that are available inGar
ia et al. (2007). However, some 
omments on estimates of the two 
ensoring equations (Z)
an be made. The estimates di�er noti
eably whether V is 
onsidered as exogenous or not. Inthe univariate Probit equation where V is a regressor, this variable has a large and signi�
antlypositive impa
t on the de
ision to pay a positive amount. In both equations, the parameter as-so
iated with in
ome is signi�
antly positive, but the estimate is lower when V enters into theequation as a regressor (0.0491 vs. 0.0641). Regional di�erentiation also has a large impa
t in both
ases: the probability not to pay is lower in Northern Fran
e. However, living in the Ile-de-Fran
eregion has no signi�
ant impa
t in the univariate Probit whereas it is signi�
antly positive in thebivariate Probit. If wood harvesting is negatively per
eived by the respondent (i.e. spoiling the6We use the pro
edure QLIM of the software SAS v9.1 to estimate the Tobit model.11
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forest), then the probability to pay for biodiversity is higher (only signi�
antly in the 
ase where
V - is exogenous). Finally, the parameter asso
iated with the size of household is positive but onlysigni�
ant (at the 10% level) in the bivariate Probit. Living in a 
ity has no impa
t in eitherequation explaining the 
ensoring.[ Table 7 here ℄The results of the estimation of Models 1 to 3 are reported in Table 7. Eviden
e of sele
tionbias due to non-random 
ensoring is shown in Model 2 by the signi�
an
e (at the 5% level) ofthe 
oe�
ient λZ . Moreover, the 
oe�
ient of the sele
tivity 
orre
tion variable related to forestvisits (λV in Model 3) is signi�
antly di�erent from 0 for both visitors and non-visitors, indi
atingthat self-sele
tion o

urs when respondents provide a value for forest biodiversity. Hen
e, singleequation models su
h as Model 1 that ignore the interdependen
e between the willingness to visitand re
reate in forests and the WTP for biodiversity lead to biased estimates in this nationwidesurvey.Several explanatory variables have a statisti
ally signi�
ant impa
t on the size of WTP. Mostof them a�e
t the value of WTP positively. For instan
e, if the household lives in the Ile-de-Fran
eregion (z1) then the WTP is signi�
antly higher. If the household believes that wood harvestingmaintains the forest (variable EF ), then the WTP is also signi�
antly higher. The size of householdhas a positive but non signi�
ant impa
t on the WTP.There are di�eren
es a

ording to the model and 
omparing the results allows us to measurethe extent of bias when sele
tion rules are not taken into a

ount. The WTP in the Ile-de-Fran
eregion is lower in Models 1 and 2 than in Model 3 (with a 
oe�
ient equal to 23.0649 and 28.2481instead of values 
lose to 50 in model 3). Moreover, living in Northern Fran
e has a positive andsigni�
ant e�e
t on WTP in Models 1 and 2 but not in Model 3. Living in a 
ity has an oppositee�e
t a

ording to the model but always non-signi�
ant. Finally, the in
ome e�e
t is largely dif-ferent a

ording to the model. The 
oe�
ient asso
iated with the in
ome is signi�
antly positivein R1 (with a value of 4.9219 and a standard error of 2.7868) but not di�erent from zero in R2.Moreover, when respondents are not di�erentiated a

ording to the sele
tion rules, this e�e
t isunderestimated: the 
oe�
ient related to in
ome is estimated to 1.2989 in Model 1 and 1.9121 inModel 2.[ Table 8 here ℄

12
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In Table 8, we report estimates of mean (and median) WTP from our three parametri
 modelsas well as a non-parametri
 estimation of mean and median WTP by the Kaplan-Meier estimator(see Bateman et al., 2002, pp.226-229). It is interesting to note that the same sample of respondentsa

epting to pay a positive amount (N = 860) presents the same mean value of WTP (respe
tively38.64¿ and 38.63¿) whatever the estimation method used (parametri
 or non-parametri
). Thisresult seems to indi
ate that the distributional assumptions do not lead to biased estimates ofWTP. We 
an also emphasize the interest of 
orre
ting sele
tion bias related to forest visits. We
ompute two mean WTPs from Model 2 a

ording to whether the respondent is a forest visitoror not. These estimates largely di�er from those 
omputed with Model 3. Indeed, if the samplesele
tion problem is not taken into a

ount, then mean WTP is overestimated for a forest visitor(50¿ instead of 39.84¿). On the other hand, when the respondent are not used to visiting forests,the mean WTP is underestimated (only 11.06¿ and not signi�
antly di�erent from 0, instead of33.42¿).5 Con
luding remarksIn this paper, we have presented and implemented methods to 
onsistently estimate WTP by
orre
ting sample sele
tion bias. In the 
ontext of this national survey, two sele
tion rules are
onsidered. The �rst one 
onsists in separating households visiting and having re
reational a
tivitiesin forests from those who never visit any forests. We assume that the de
ision to visit forests isnot randomly sele
ted and that the two subsamples have di�erent 
hara
teristi
s. These two typesof respondents will thus present di�erent mean WTPs. For the DC-CV analysis, a Probit modelwith sample sele
tion allows us to 
orre
t this potential bias. When dealing with the OE question,a se
ond sele
tion rule is governed by a 
ensored regression sin
e a large number of respondentsannoun
e WTPs equal to zero. Therefore, for the analysis of the maximum WTP, we use a modelwith double sele
tion to take into a

ount both sample sele
tion problems.In our empiri
al appli
ation, we show that sample sele
tion bias has major e�e
ts on parameterestimates and thus on estimates of mean WTP. In other words, not re
ognising that WTP forbiodiversity is 
onditional on re
reational a
tivities in forests and that su
h a
tivities are undertakenby only a part of population (interested in biodiversity) would move our estimate away from thetrue mean WTP of the population. The results obtained from the DC question make it possibleto assign mean values of WTP for the total sample in
luding true zero responses for forest visitorsand non-visitors (respe
tively 65¿ and 11.59¿). The large di�eren
e in estimates of mean WTPfor households who never visit any forests gives an indi
ation of the bias s
ope: the model withsample sele
tion produ
es a mean WTP equal to 11.59¿ while it is equal to 30.35¿ from a standard13
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Probit model.From the OE question and the sample sele
tion pro
edure implemented, we obtain unbiasedvalues for the portion of the population that gives a positive value to biodiversity. For our bestspe
i�
ation (with double sele
tion), mean WTPs are estimated at 39.84¿ and 33.42¿, respe
tivelyfor forest visitors and non-visitors. Compared to the estimated mean WTPs provided by the DC-CVanalysis, these estimates are not a�e
ted by potential bias related to zero responses.

14
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Appendix. E
onometri
 approa
h: A model with double sele
tionIn this se
tion, the subs
ript i is dropped for notational 
onvenien
e. The two sele
tion equa-tions are asso
iated with two binary variables V and Z. V = 1 indi
ates that the respondentis used to visiting forests and Z = 1 that the maximum WTP is stri
tly positive. In our Tobitframework, we do not estimate the 
ase of zero WTP values sin
e WTP is regressed by OLS onlyon its positive values (after taking into a

ount the sample sele
tion due to 
ensoring). Therefore,
WTP is observed (or stri
tly positive) only in the two following regimes: (R1) V = 1 and Z = 1on the one hand, (R2) V = 0 and Z = 1 on the other hand. The regimes R3 and R4 
orrespond to
WTP equal to 0. We propose to illustrate these sele
tion rules in Table 5.9.[ Table 5.9 here ℄The two regimes R1 and R2 imply two distin
t joint probabilities:

PR1
= Pr(V = 1, Z = 1)

= Pr(V ∗ > 0, Z∗ > 0)

= Pr(εV ≤ A, εZ ≤ B)

= F (A,B, ρ)

(14)
where A = XV δ, B = XZβ and F (A,B, ρ) is the 
df of the standard bivariate normal distributionwith 
orrelation 
oe�
ient ρ.

PR2
= Pr(V = 0, Z = 1)

= Pr(Z = 1) − Pr(V = 1, Z = 1)

= Φ(B) − F (A,B, ρ)

(15)where Φ(.) denotes the standard normal 
df.These results lead us to write our model as the general model presented by Tunali (1986):
V ∗ = XV δ + εV �rst sele
tion equation (16)
Z∗ = XZβ + εZ se
ond sele
tion equation (17)

WTP1 = Xγ1 + ε1 regression equation regime 1 (18)
WTP2 = Xγ2 + ε2 regression equation regime 2, (19)

17
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where XV ,XZ ,X are ve
tors of exogenous variables and α, β, γ1, γ2 their asso
iated ve
tors ofparameters. Moreover, we assume that the ve
tor ε = [εV , εZ , ε1, ε2] has a multivariate normaldistribution: 


εV

εZ

ε1

ε2




∼ N







0

0

0

0




,




1 ρ ρV 1 ρV 2

ρ 1 ρZ1 ρZ2

ρV 1 ρZ1 σ2
1 ρ12

ρV 2 ρZ2 ρ12 σ2
2







(20)The derivation of the expe
ted values of trun
ated errors has been des
ribed several times (see Fisheet al., 1981, or Tunali, 1986). Hen
e given the multivariate normal spe
i�
ation, the 
onditionalexpe
tation of error for the regime R1 is:
E(ε1|V = 1, Z = 1) = ρV 1λV 1 + ρZ1λZ1, (21)where λV 1 = φ(A)Φ(Ã)

PR1

and λZ1 = φ(B)Φ(B̃)
PR1

are the inverse Mill's ratios modi�ed for double sele
tion,with Ã = B−ρA√
1−ρ2

and B̃ = A−ρB√
1−ρ2

. φ is the standard normal pdf and PR1
is de�ned in equation (14).For the regime R2, the 
onditional expe
tation of error is:

E(ε2|V = 0, Z = 1) = ρV 2λV 2 + ρZ2λZ2, (22)where λV 2 = −φ(A)Φ(Ã)
PR2

and λZ2 = φ(B)Φ(−B̃)
PR2

are the inverse Mill's ratios modi�ed for doublesele
tion, with PR2
de�ned in equation (15).The He
kman two-stage estimator extended to the two sele
tion rule problem was �rst des
ribedby Poirier (1980), Fishe et al. (1981) and Ham (1982), and then in a more general form by Tunali(1986). This 
onsists in �rst estimating the bivariate Probit model de�ned by equations (16) and(17) with the MLE method. Consistent estimates of α, β and ρ are obtained and used to 
ompute
onsistent estimates λ̂V 1, λ̂Z1, λ̂V 2 and λ̂Z2 of respe
tively λV 1, λZ1, λV 2 and λZ2. The followingequations are then estimated individually (i.e., ρ12 is assumed to be 0) by OLS:

WTP1 = Xγ1 + ρV 1λ̂V 1 + ρZ1λ̂Z1 + η1 (23)
WTP2 = Xγ2 + ρV 2λ̂V 2 + ρZ2λ̂Z2 + η2, (24)where η1 = ε1 − ρV 1λV 1 − ρZ1λZ1 and η2 = ε2 − ρV 2λV 2 − ρZ2λZ2 are random errors with zeromeans. This implies that, even if all parameter estimates are 
onsistent, their asso
iated standarderrors are not. We 
orre
t the 
ovarian
e-varian
e matrix of parameter estimates as did by Ham(1982) and Tunali (1986) in their appendix. This is a simple generalisation of He
kman (1979) orLee et al. (1980). 18
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Table 1: De�nitions and des
riptive statisti
s of the explanatory variablesVariable Des
ription Mean Std. Dev. Min. Max.z1 Geographi
al indi
ator for the lo
ation 0.135 0.34 0 1of household residen
ez1=1 for the Ile-de-Fran
e region.z2 Geographi
al indi
ator for the lo
ation 0.203 0.40 0 1of household residen
ez2=1 for the North-Western part of Fran
e.z3 Geographi
al indi
ator for the lo
ation 0.223 0.42 0 1of household residen
ez3=1 for the North-Eastern part of Fran
e.z4 Geographi
al indi
ator for the lo
ation 0.267 0.44 0 1of household residen
ez4=1 for the South-Eastern part of Fran
e.z5 Geographi
al indi
ator for the lo
ation 0.172 0.38 0 1of household residen
ez5=1 for the South-Western part of Fran
e.GN Household's opinion about forest exploitation 0.140 0.35 0 1GN=1 if �Timber harvesting spoils forestlands
ape and obstru
ts forest a

ess�EF Household's opinion about forest exploitation 0.768 0.42 0 1EF=1 if �Timber harvesting 
ontributesto forest maintenan
e�MA Household's opinion about forest exploitation 0.322 0.47 0 1MA=1 if �Timber harvesting provides a naturaland renewable material�City Lo
ation of the household's residen
e 0.529 0.50 0 1City=1 if the household lives in an urban areaApart Type of housing for the household 0.334 0.47 0 1Apart=1 if the household lives in an apartmentHousehold Total number of persons in the household 2.85 1.41 1 10Under18 Number of young persons under 18 0.78 1.07 0 7in the householdIn
ome Indi
ator for the household's in
ome 5.57 2.84 1 11on the base of the average in
ome of theso
io-professional group (ordered variable)Notes: N=1070.
19
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Table 2: Distribution of observations for the DC question
I = 0 I = 1 Total

V = 0 160 114 274
V = 1 292 504 796Total 452 618 1070Notes: V = 1 if the respondent isa forest visitor; 0 otherwise.
I = 1 if the respondent is willingto pay t; 0 otherwise.

Table 3: Distribution of observations for the OE question
Z = 0 Z = 1 Total

V = 0 113 161 274
V = 1 97 699 796Total 210 860 1070Notes: V = 1 if the respondent isa forest visitor; 0 otherwise.
Z = 1 if the respondent is willingto pay a positive amount;
0 otherwise (
ensoring).
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Table 4: Parameter estimates of the DC modelProbit Sele
tion DC equation DC equationmodel equation with sample without sample
orre
tion 
orre
tion
V I I I

(V = 1) (V = 0)

Constant −0.4973∗∗∗ 0.0731 0.6116 0.2364
(0.1936) (0.3725) (0.5658) (0.1924)

t −0.0184∗∗∗ −0.0261∗∗∗ −0.0187∗∗∗

(0.0019) (0.0050) (0.0017)
Income 0.0659∗∗∗ 0.0824∗∗∗ 0.0750 0.0528∗∗∗

(0.0160) (0.0223) (0.0641) (0.0150)
z1 0.5768∗∗∗ 0.2340 1.6671∗∗∗ 0.2395∗

(0.1692) (0.1576) (0.5909) (0.1355)
z2 0.3084∗∗ 0.2702∗∗ 0.8847∗∗ 0.2848∗∗

(0.1363) (0.1303) (0.3937) (0.1121)
z3 0.3749∗∗∗ 0.1902 0.2903 0.0976

(0.1349) (0.1241) (0.4186) (0.1071)
z4 0.4796∗∗∗ 0.7417

(0.1320) (0.4562)
GN −0.0830 0.1038

(0.1252) (0.1240)
EF 0.2921∗∗∗ 0.2609∗∗ 0.0743

(0.1043) (0.1299) (0.1030)
MA 0.1676∗ −0.1100

(0.0952) (0.0887)
Household 0.1426∗∗∗ −0.0450

(0.0523) (0.0491)
Under18 −0.0676 0.0490 0.0608

(0.0690) (0.0484) (0.0633)
Apart −0.1147 0.0985

(0.1119) (0.1073)
City −0.1920∗ −0.1878∗ −0.2353 −0.1212

(0.1058) (0.1140) (0.3044) (0.1018)
V 0.6141∗∗∗

(0.0968)

λ 0.8525∗ −0.8280 0.8525∗

(0.4735) (0.8388) (0.4735)Log likelihood -570 -463 -162 -630
N 1070 796 274 1070Notes: De�nitions of variables are in Table 1. Standard errors are in parenthesis.***: signi�
ant at 1%, **: signi�
ant at 5%, *: signi�
ant at 10%.
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Table 5: Mean and median WTP for the DC questionProbit with withoutmodel sample 
orre
tion sample 
orre
tion
V = 1 V = 0 V = 1 V = 0Mean WTP (¿) 65.00 11.59 63.23 30.35(Standard error) (3.21) (6.85) (4.46) (6.80)

N 796 274 1070 1070Notes: V = 1 if the respondent is a forest visitor; 0 otherwise.Table 6: Parameter estimates of sele
tion equations for the OE questionProbit model Univariate Bivariate
Z V Z

Constant −0.4471∗∗ −0.4278∗∗ −0.1348
(0.1947) (0.1777) (0.1850)

Income 0.0491∗∗∗ 0.0633∗∗∗ 0.0641∗∗∗

(0.0178) (0.0160) (0.0170)
z1 0.2698 0.5183∗∗∗ 0.4086∗∗

(0.1797) (0.1659) (0.1721)
z2 0.4146∗∗∗ 0.2846∗∗ 0.4731∗∗∗

(0.1502) (0.1362) (0.1441)
z3 0.3065∗∗ 0.3594∗∗∗ 0.3938∗∗∗

(0.1466) (0.1356) (0.1406)
z4 0.2349∗ 0.4503∗∗∗ 0.3530∗∗∗

(0.1389) (0.1314) (0.1331)
GN 0.2427∗ −0.0841 0.2013

(0.1468) (0.1241) (0.1403)
EF 0.0803 0.2929∗∗∗ 0.1619

(0.1152) (0.1033) (0.1103)
MA 0.1137 0.1671∗ 0.1520

(0.1040) (0.0948) (0.0999)
Household 0.0239 0.1091∗∗∗ 0.0538∗

(0.0340) (0.0313) (0.0326)
City 0.0393 −0.2479∗∗∗ −0.0368

(0.0980) (0.0895) (0.0938)
V 0.8678∗∗∗

(0.1002)
ρ 0.4875∗∗∗(0.0493)Log likelihood -468 -1039Notes: N=1070. Standard errors are in parenthesis.***: signi�
ant at 1%, **: signi�
ant at 5%, *: signi�
ant at 10%.
V = 1 if the respondent is a forest visitor; 0 otherwise.
Z = 1 if positive values of WTP ; 0 otherwise (
ensoring).In the univariate Probit model, visits are 
onsidered as exogenous.De�nitions of variables are in Table 1.22
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Table 7: Determinants of WTP for the OE questionModel 1 Model 2 Model 3Model Tobit Tobit with Regressions withsele
tivity double sele
tion
WTP WTP WTP (R1) WTP (R2)

Constant −13.9121∗∗ −46.1704 −109.8079 122.4550∗

(5.5371) (32.2999) (85.9482) (72.8589)
Income 1.2989∗∗∗ 1.9121∗∗ 4.9219∗ −0.0466

(0.4462) (0.8696) (2.7868) (2.1873)
z1 23.0649∗∗∗ 28.2481∗∗∗ 50.4763∗∗ 46.6186∗∗∗

(4.7727) (7.8132) (22.8998) (13.5259)
z2 9.5478∗∗ 13.9384∗ 29.8609 −13.9149

(4.1390) (8.3213) (20.8638) (13.2812)
z3 6.0123 9.3320 27.9321

(4.0749) (7.2872) (19.7941)
z4 5.3193 7.7774 31.6642

(3.9255) (6.5731) (19.6949)
GN 6.6892∗ 9.8337

(3.6659) (5.9898)
EF 8.0849∗∗∗ 10.7723∗∗ 23.1850∗∗ 24.8729∗∗

(3.0779) (4.3700) (11.2091) (11.8322)
MA 1.8392 2.9266 10.6623

(2.6674) (3.9123) (8.5113)
Household 0.0571 0.3057 5.4043 3.5810

(0.9084) (1.2880) (3.8749) (3.9279)
City 1.4234 1.6548 −11.1839 −11.4386

(2.583) (3.5903) (8.6001) (11.7217)
V 21.6480∗∗∗ 33.9290∗∗

(3.0081) (13.9068)
λV 115.4502∗ 60.2962∗

(62.3329) (34.9360)
λZ 74.1017∗∗ 83.8797 −32.4078

(32.8431) (97.3480) (49.1409)

N 1070 860 699 161Estimation MLE Corre
ted Corre
ted Corre
tedmethod OLS OLS OLSNotes: De�nitions of variables are in Table 1. Standard errors are in parenthesis.***: signi�
ant at 1%, **: signi�
ant at 5%, *: signi�
ant at 10%.Regime (R1): V = 1 (forest visitor) and Z = 1 (positive WTP).Regime (R2): V = 0 (no forest visit) and Z = 1 (positive WTP).
λV and λZ are the Mill's ratios modi�ed for double sele
tion.
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Table 8: Mean and median WTP estimates for the OE questionEstimationmethod Model 1 Model 2 Model 2 Model 2 Model 3 Non-parametri
(V = 1) (V = 0) (R1) (R2) (Kaplan-Meier)Mean WTP (¿) 25.89 38.64 44.99 11.06 39.84 33.42 38.63(Standard error) (1.24) (1.70) (3.12) (11.42) (3.52) (5.38) (1.19)Median WTP (¿) 25.89 38.64 44.99 11.06 39.84 33.42 30.00
N 1070 860 860 860 699 161 860

Table 5.9: An illustrative example of 
ombination of sele
tion rules
V Z WTP0 0 0

R4 0 0 00 0 01 0 0
R3 1 0 01 0 00 1 > 00 1 > 0
R2 0 1 > 00 1 > 00 1 > 01 1 > 01 1 > 01 1 > 0
R1 1 1 > 01 1 > 01 1 > 01 1 > 0
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