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Abstract

The contingent valuation steels a recommended tools for the environment policies

valuation. It helps decision makers to choose the relevant choice concerning the envi-

ronment policy through the valuation of non market goods. By this article, we try to

determine the Willingness To Pay (WTP) of a marine protected area (MPA) throw a

contingent valuation survey. To estimate the WTP, we use the Zero Inflated Ordered

Probit (ZIOP) model which had been developed by Harris and Zhao (2007) to over-

take the excess zeros problem. The ZIOP model has shown that 29% of null wtp with

54,4% protest response and the covariates which influence the WTP amount are the

education level, residency and income. Meanwhile, the project (MPA) acceptability is

widely influenced by the age and education level.

Key words: Contingent valuation, Multiple Imputation, Sample and Non-response

biases

1 Introduction

The determination of non-market goods’ value has allowed to assess the economic effects

of environmental policies (Carson et al., 2001). To give a monetary value of non marketed

amenities is very important for the decisions makers. It helps them to choose the appropriate

environmental and conservation policies.

To evaluate the non market goods, several technical tools have been proposed such as stated

preference (SP) methods. The SP methods have ensured the evaluation of an important part

of environmental goods (Andersson and Svensson, 2008). Among the SP methods, we find the

contingent valuation method (CVM) which has been developed like a non market valuation
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and become increasingly known in environmental economics especially for amenities and

damages evaluation (Noonan, 2003; Carson et al., 2001; Mitchell, 2002).

It allows to determine the use and existence value of assets (Mitchell and Carson, 1989).

It consists to go directly to individuals to determine the price of a natural asset (exam-

ple: "What would you pay for environmental safety?", "What would you pay for wilder-

ness?" (Hanemann, 1994)), which represented by the willingness to pay (WTP) or the will-

ingness to accept (WTA). This method has succeeded in some measure to help decision-

makers to choose whether or not such an environmental and conservation policies. However,

its reliability to determine the economic value of non market goods, steels a persisting debate

which doesn’t have an end (Carson et al., 2001). This is due to the existing of several biases

and limitations of the CVM (Diamond and Hausman, 1994; Ariely et al., 2003; Blumenschein

et al., 2008). The recent works have considered the sources of bias regarding the use of CVM

which conducted with bad survey design in many cases, such attention has enhanced the

CV results (Blumenschein et al., 2008; Bateman et al., 2008; Zhang et al., 2010; Lusk and

Hudson, 2004; Clinch and Murphy, 2001; Andersson and Svensson, 2008).

In several surveys which had been conducted using the CVM, some respondents may do

not give their real value for the good, and thereafter, the SP methods will determine incor-

rectly the value of the good in question (Meyerhoff and Liebe, 2008). Indeed, it’s difficult

to know if these respondents, which give a false value for the good, have a zero or positive

WTP. In which case, the good’s economic value may be underestimate or overestimate. In

addition, there is no consensus about the procedure to distinguish the true zero from protest

responses. There are a lot of reasons that respondents state a wrong value of the good such

as they may not understand the survey and give a false valuation, they may prefer that the

change in the good will paid by other people, etc (Meyerhoff and Liebe, 2008). To overcome

this problem, the solution which has been proposed is to keep only the true responses in the

sample. But this solution, which means to exclude protest responses, hasn’t any theoretical

conception (Meyerhoff and Liebe, 2008).

To improve the CVM’s results and overstep its hypothetical bias, the practitioners have

used an additional techniques for the robustness and reliability tests such as "split sample

approach" and "entreaties". The split sample aproach means to state the same questionnaires

to independent samples at two different points in time for comparing the twice individual

preferences (exemple: WTP) if they will change. Some surveys in this sense had shown

the same results (WTP) in different times (Carson et al., 2001). Among the entreaties,

we find the "cheap talk"which sends in "the costless of transmission of signals and informa-

tion" (Cummings and Taylor, 1999; Atkinson et al., 2012). These additional techniques to

CVM may be effective to decrease the hypothetical bias and can partially tackle protest

responses. In this way, how the advocates of CVM can distinguish the true responses from

the protest responses which, technically, are represented by an excess zeros in the datasets?
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Some work in medical research have first highlighted the datasets with excess zeros (Moul-

ton and Halsey, 1995; Aitchison, 1955). This statistical analysis issue is very common in other

fields like finance, economics, insurance, etc. It’s admitted as a recurring problem (Lachen-

bruch, 2002). To overtake this problem, an alternative models have been introduced like

Heckman model1. However these models encounter a difficulties to achieve their goal and give

a skewness estimations especially with a specific datasets like health insurance data (Duan

et al., 1983; Lachenbruch, 2002). Excess zeros in datasets allows for overdispersion witch

makes standard errors and chi-square statistics are worthless and maximum likelihood esti-

mates inefficient. As mentioned above, the conventional models have failed to resolve the

overdispersion and fit poorly when the number of individuals with a count of zero is large

in datasets (Allison, 2012, chap 9). To overcome this problem, a zero inflated models2 have

been presented to give treatment to the excess zeros (Allison, 2012; Greene, 2007). The

datasets with excess zeros called zero-inflated data. To mention the excess zeros, the term

"inflation" has been used (Pimentel et al., 2015). The zero inflated model is introduced in

the case where are two regimes of zeros in the datasets. It’s considered like a latent class

model (Greene, 2007).

In mostly, zero inflated models have been considered as an appropriate estimates to

analyze the skewness datasets with excess zeros which have two regimes. Moreover, they

have been suggested to overtake the problem of incomplete and missing data (Xie et al.,

2013). Their success to reach this goal still partial because the treatment of missing data for

example needs another statistical techniques like multiple imputation and bootstrap, besides

zero inflated models.

Our case study is a contingent valuation method on the WTP (willingness to Pay) for

accessing a MPA (Marine Protected Area) in a developing country (Tunisia). To our knowl-

edge, previous studies did not correct for biased sampling (e.g. (Petrosillo et al., 2007)). In

july and august 2012, 315 among 40000 Tourists were surveyed randomly during their visit

to Kuriat islands (Monastir, Tunisia). Our econometric model are the ZIOP (Zero-inflated

ordered probit) which is a double-hurdle combination of a split probit model and an ordered

probit model (Harris, 2007) and its extension the ZIOPC which assumes that the two errors

terms are correlated (Bagozzi et al., 2015). This model address the problem of two distinct

data generating process for the zero. One type of zero corresponds to individuals who will

always refuse to pay for MPA (because of ideological reasons), whereas the other type refers

to a corner solution. The ZIOP models will be completed by a sensitive analysis using the

multiple imputation (MI) to address a potentially biased sampling (Van Buuren, 2012). Be-

fore the presentation of the econometric models, we present the MPA in the section 2. The

1Among the alternative models we can cite: Heckman model or two part models (Lachenbruch, 2001,
2002; Berk, 2002), probit regression for the individuals with or not a count of zero and multiple regression for
the nonzero part (Duan et al., 1983), censored log-gamma (Moulton and Halsey, 1996), censored lognormal
mixture model (Taylor et al., 2001), lognormal distribution (Xiao-Hua and Tu, 1999).

2Among zero inflated models, we can evoke the zero inflated poisson, zero inflated negative binomial, zero
inflated ordered probit model, etc. For our database, we use a zero inflated ordered probit model because
the dependent variable in the second stage is a categorical variable and not continuously. For more detail,
see section 3

3



case study will be presented in the section 4 and the results and conclusion take place in the

sections 5 and 6 respectively.

2 MPA and the CVM

Due to the convention on biological diversity in 1992, the number of marines protected

areas around the world has been increased to attend more than 5000 in 20123. The aim

of the establishment of MPA is the protection of marine and coastal ecosystems and the

development of the several human activities such as coastal fishery, ecotourism, scuba diving

and other recreational activities. Most of the MPA didn’t reach their goal because the

actors involved are various and numerous, which case mentions a complex system governing

by MPA. Also, they don’t find a satisfactory funds to ensure their sustainable management

especially in the developing countries which receive an external short funds for taking place

MPAs(Jentoft, 2007; Baral et al., 2008). Face to this condition, the practitioners have

suggested a self financing of MPA to overtake their failure. In the most cases, the MPA

management warranted by the fees access paid by the visitors. This solution helps MPA to

be financed and managed for long run.

To make up a consistent management system of MPA, it’s recommended to carry out a fee

amount equals to the willingness to pay (WTP) declared by the visitors. This fee amount

may be determined by the CVM which require to conduct a direct interviews with visitors.

The choice to use CVM returns to the sort of MPA benefits which, in most of the time, don’t

have a market value4. Among the first who used the CVM to assess the WTP of visitors and

help the decision makers to establish various types of MPA, we find the National Oceanic

and Atmospheric Association (NOAA)5 which had conducted their CVM survey in 1989(Hall

et al., 2002). From that, the use of the CVM has been increased to determine the non use

value of MPA such as the improvement of environmental area which evaluated as tourist

entry fees(Baral et al., 2008; Hall et al., 2002; Bhat, 2003; Asafu-Adjaye and Tapsuwan,

2008; Lee and Han, 2002; Dharmaratne et al., 2000; Sumaila et al., 2000; Arin and Kramer,

2002).

To take place of MPA, some surveys conducted using the CVM may have a missing data.

Such case makes the conventional models and statistical techniques unable to give a fair

estimate of WTP especially with missing data or excess zeros. For this reason, we use for

our study one of the zero inflated models: zero inflated ordered probit model which considers

the weakness of CVM evoked above.

3Information collected from the web site of the International Union for Conservation of Nature (IUCN)
www.IUCN.org, seen in September 16th 2015.

4Here we mention that much of MPA benefits don’t have market value and need a hypothetical market to
be valued such as the improvement of the coastal ans marine ecosystem which attract more visitors, increase
of fish quality, upturn of environment, protection of threatened species, etc.

5For more detail, see the work of Hall et al. 2002 which presents an exhaustive list of the surveys of
NOAA and other using the CVM to determine the WTP of visitors
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3 Econometric models

The zero inflated models6 represent an alternative to the conventional models using databases

with missing data or excess zeros. As we explained above, there are different zero inflated

models such as zero inflated Poisson, zero inflated negative binomial, zero inflated ordered

probit. The choice to one of these models depends on the nature of the datasets, particularly

the dependent variable in the model. For our case, the dependent variable - WTP - is a

discrete ordered variable which characterized by excess zero. At this level, the conventional

truncated ordered probit model may encounter the problem of overdispersion and give an

inconsistent estimates(Weiss, 1993). Thus, we choose the zero inflated ordered probit model

which best corresponds to our database.

3.1 Zero inflated ordered probit (ZIOP) model

Like the zero inflated (ZI) models, the ZIOP model can be implemented on two stages. The

ZI model has a logistic regression in the first stage and a linear regression in the second

stage but the ZIOP model has, respectively, a probit "splitting" model and an ordered probit

model7. The two different sets of covariates split the observations into two regimes (Harris,

2007). We denote l a binary variable which determines the two regimes (regime 0: non

participant if l = 0 and regime 1: participant if l = 1). The propensity for participation is

l* which l∗ > 0 if l = 1 and l∗ ≤ 0. It is defined as l∗ = Γ′α + µ, where Γ is a vector of

variables which determine the two regimes, α a vector of coefficients, and µ the error term.

The probability of an individual can be in regime 1 is:

Pr(l = 1|Γ) = Pr(l∗ > 0|Γ) = Ψ(Γ′α)

where Ψ(.) is the cumulative distribution function (c.d.f ) of the univariate standard normal

distribution. For our case, the WTP seems like a discrete random variable λ which has

discrete ordered values. In the case that l = 1, the WTP under regime 1 given by a discrete

variable λ̃ (λ̃ = 0, 1, . . . , J) that is estimated by an ordered probit in the second stage in

ZIOP and given by λ̃∗; λ̃∗ = τ ′β + ν with τ is a vector of covariates with unknown weights

β and ν the error term. The mapping between λ̃∗ and λ̃ may written by

λ̃ =



















0 if λ̃∗ ≤ 0

j if νj−1 < λ̃∗ ≤ νj(j = 1, . . . , J − 1)

J if νj−1 ≤ λ̃∗

where νj (j = 1, . . . , J −1) are parameters to be estimated in addition to β. The ordered

6Allison P, 2012 detailed the different zero inflated models and carries out their comparison with the
conventional models (Allison, 2012, chap 9)

7The probit and ordered probit models are estimated in the same time with different sets of variables.
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probit probabilities are represented by (Harris, 2007)

Pr(λ̃) =



















Pr(λ̃ = 0|τ, l = 1) = Ψ(−τ ′β)

Pr(λ̃ = j|τ, l = 1) = Ψ(νj − τ ′β) − Ψ(νj−1 − τ ′β)(j = 1, . . . , J − 1)

Pr(λ̃ = J |τ, l = 1) = 1 − Ψ(νJ−1 − τ ′β)

with λ = lλ̃. There are two cases where the individual mentions a null WTP; l = 0 leads

that λ = 0 and l = 1 may lead to λ̃ = 0. The case when WTP is positive, l = 1 and λ̃∗ > 0.

The probabilities for λ may be presented by

Pr(λ) =







Pr(λ = 0|τ, Γ) = Pr(l = 0|Γ) + Pr(l = 1|Γ)Pr(λ̃ = 0|τ, l = 1)

Pr(λ = j|τ, Γ) = Pr(l = 1|Γ)Pr(λ̃ = j|τ, l = 1)(j = 1, . . . , J)

=



















Pr(λ = 0|τ, Γ) = [1 − Ψ(Γ′α)] + Ψ(Γ′α)Ψ(−τ ′β)

Pr(λ = j|τ, Γ) = Ψ(Γ′α)[Ψ(νj − τ ′β) − Ψ(νj−1 − τ ′β)](j = 1, . . . , J)

Pr(λ = J |τ, Γ) = Ψ(Γ′α)[1 − Ψ(νJ−1 − τ ′β)]

with the condition that µ and ν follow the standard Gaussian distributions. By the ZIOP,

the probability of a zero observation has been presented like a combination of the probability

of "zero consumption" from the OP process and the probability of "non-participation" from

the "split probit model" (Harris, 2007). The parameters of the model ω = (α′, β′, ν ′)′ can be

estimated by maximum likelihood criteria. The log-likelihood function can be represented

as follows:

l(ω) =
N

∑

i=1

J
∑

j=0

ζijln[Pr(λi = j|, β, ν, ω)]

with i = 1, . . . , N and j = 0, 1, . . . , J . The function ζ is defined as:

ζij =







1 if individual i chooses outcome j

0 otherwise

3.2 ZIOP model’s extension: ZIOP Correlated

The result of the two separate equations, l∗ = Γ′α + µ and λ̃∗ = τ ′β + ν, with uncorrelated

terms, give the observed variable λ. According to Harris and Zhao (2007), the two error

terms µ and ν are related in view of λ, which given by "two separate latent equations", tie in

the same individual. The two authors had extended the model to include (µ,ν). These two

stochastic terms follow a bivariate normal distribution with correlation coefficient ρ. Thus,

the observations can be presented as follows:

λ = lλ̃ =



















0 if (l∗ ≤ 0) or (l∗ ≻ 0) and (λ̃∗ ≤ 0)

j if (l∗ ≻ 0) and (νj−1 ≺ λ̃∗ ≤ νj) (j = 1, . . . , J − 1)

J if (l∗ ≻ 0) and (νJ−1 ≺ λ̃∗)
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and the probabilities become:

Pr(λ) =



















Pr(λ = 0|τ, Γ) = [1 − Ψ(Γ′α)] + Ψ2(Γ
′α, −τ ′β; −ρ)

Pr(λ = j|τ, Γ) = Ψ2(Γ
′α, νj − τ ′β; −ρ) − Ψ2(Γ

′α, νj−1 − τ ′β; ρ)](j = 1, . . . , J − 1)

Pr(λ = J |τ, Γ) = Ψ2(Γ
′α, τ ′β − νJ−1; ρ)]

where Ψ2 is the cumulative distribution function of the bivariate normal distribution with

correlation coefficient ρ between the two "univariate random elements". The parameters of

the model ω are redefined and and becomeω = (α′, β′, ν ′, ρ)′. Harris and Zhao (2007) had

suggested a Wald test of ρ = 0 like a test for knowing if the two error terms are correlated

or no. This test may be conducted by the ZIOPC model against the null of ZIOP model.

3.3 Multiple imputation (MI)

Despite it’s critics, multiple imputation considered in mostly as relevant means to deal with

the incomplete observations which encounter the survey data (Van Buuren, 2012, chap 2). It

has been introduced and developed as an important statistical means applied to data which

had been collected and it’ll be analyzed (Meng, 1994).

For each missing element in the data matrix, MI impute z values. Like that we obtain z

"completed" database which holds in observed ans unobserved data (Honaker et al., 2012).

We denote D includes observed ans missing data; D =
〈

D
obs, D

mis
〉

. D is multivariate

normal distribution with mean vector σ and covariance matrix θ, D ∼ N (σ, θ).

T represents the missing data, with elements zij = 1 if dij ∈ Dmis and zij = 0 other-

wise. The data are missing at random (MAR) in multiple imputation, which means that

T may be imputed only by the observed data D
obs. The MAR assumption is defined as

p(T|D) = p(T|Dobs). It includes the missing values that created randomly and would

be better assumption when the missingness is related to the data. The data are missing

completely at random (MCAR)8 in the case when the missingness is not dependent on the

data (Honaker et al., 2012; Honaker and King, 2010; Van Buuren, 2012). In our case, we

use the MAR assumption which required by AMELIA beside the multivariate normality

especially the missigness is dependent on the data.

The likelihood of observed data is p(Dobs, T|∆), which D
obs is the observed data, T is the

missingness matrix and ∆ is the complete data parameters (∆ = (σ, θ)). By the MAR

assumption, it can be written as

p(Dobs, T|∆) = p(T|Dobs)p(Dobs|∆)

The likelihood for complete data is:

L(∆|Dobs)∞p(Dobs|∆)

8See Van Buuren 2012 (chapter 1) for more detail about missing data problems
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By iterated expectations, we can rewrite it as:

p(Dobs|∆) =
∫

p(D|∆)dDmiss

The posterior can be determined by the likelihood for complete data and a flat prior on ∆

p(∆|Dobs)∞p(Dobs|∆) =
∫

p(D|∆)dDmiss

This posterior helps to analyze the incomplete data. The mode of the posterior may be

found by expectation maximization (EM) algorithm. The first algorithms used to impute

the missing data are the imputation-posterior (IP), which represents a Markov chain, and

the expectation maximization importance sampling (EMis) (Honaker and King, 2010). The

implementation of these algorithms encounters many difficulties such as long run-times, soft-

ware kinks,and not able to impute in the case of large data sets with high number of variables.

For this reason, the combination of expectation maximization and bootstrapping (EMB) has

been proposed as an alternative of IP and EMis. In fact, EMB algorithm gives the same

results like IP and EMis and outstrips their problems (Honaker and King, 2010; Honaker

et al., 2012).

4 Case study

Since 2000, the environment institutions in Tunisia continue to make much effort to estab-

lish a marine protected area (MPA) in Kuriat islands (Monastir, Tunisia) which threatened

by both natural and anthropic pressures (elevation of sea level, marine and coastal erosion,

overfishing, pollutions, etc.). Their MPA project highlights the environment effects but lays

aside the economic interests of stakeholders which their professional and recreational activ-

ities related there (CPPA, 2000; CPPA and RAC/SPA, 2010). Among these stakeholders,

we find nearly 40000 persons (residents and non residents) which come visiting for one day

on average the Kuriat island for swimming and benefit from their virgin nature.

Once an MPA will be established, the visitors behavior may be change if the islands’ ac-

cess price will be increased for a possible means of funding the project. For this reason,

the objective of our survey is to determine the willingness to pay (WTP) of visitors. Our

survey consists of two main parts: socio-economic data and visitor’s perceptions of MPA

and WTP9. 315 direct interviews had been conducted randomly between july and august

2012 with visitors during their visit to Kuriat islands. 78.43% of the interviews have the

age between 20 and 50 years and 54.3% of them are women. Almost all the interviews have

a high educational school (secondary and university school). 44.76% among them had vis-

ited Kuriat island by means of local touristic agencies. The residents visitors in our sample

represent 51.43% and the rest are foreign (21.59% are french, 7.94% are german, 3.81% are

9see appendix A
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russian, 4.44% are belgium, 8.57% are italian and 2.22% are canadian).

<20 [20-30[ [30-40[ [40-50[ [50-60[ ≥ 60 Total
Women 2.54% 11.43% 22.23% 13.34% 1.90% 2.86% 54.30%
Man 3.80% 9.84% 9.84% 11.75% 8.57% 1.90% 45.70%
Total 6.34% 21.27% 32.07% 25.09% 10.47% 4.76% 100%

Table 1: Distribution of interviewees by age and gender

50.8% of the interviewees consider that the natural resources are overexploited especially

the marine resources. About the question if the interviewee had listen of MPA before, 54.92%

of them mentioned that they know what it means. Half of them are for the establishment of a

MPA in Kuriat islands and they consider that a such project will contribute to protect their

environment richness and improve their coastal and marine ecosystems. On the contrary,

21.91% of the interviewees refuse categorically the project and they display a null willingness

to pay (WTP). The rest mention a WTP varies between 5 and 50 DT10. The WTP is as a

payment card which had been fixed and chosen according to the preliminary interviews. To

determine the WTP amount, a dichotomous choice question had been asked as follows:

Would you be willing to pay 5, 10, 15, 20, 30, 40, 50 DT in additional per visit? (The inter-

viewee chooses one of the payment card’s amounts)11

0 DT 5 DT 10 DT 15 DT 20 DT 30 DT 40 DT 50 DT
WTP 21.90% 3.81% 19.04% 17.14% 15.24% 10.48% 10.48% 1.91%

Table 2: WTP of interviewees

5 Results

As evoked above, 21.90% of the interviewees had mentioned a null WTP, which represent an

excess zeros. Moreover, we highlight here the weakness of our sample which represent 0.7%

of all the population (40000 visitors to Kuriat island annually). It my suffer of missing data

and misrepresentation which can give a bias estimations. To sum up, we encounter main

difficulty: excess zero. The choice of ZIOP model is to resolve the excess zero and the use of

multiple imputation12 to extend our sample size for reaching 500 in place of 315. To carry

out this objective, we use the official statistics and informations on the tourism in Tunisia

10Tunisian Dinar, local currency; 1DT≈0.5 euro
11The question for determining the WTP has been inspired of Hall et al’s (2002) study(Hall et al., 2002)
12The sample is augmented by new artificial records using various hypotheses and priors. In spite of its

known limits, our MI benchmark algorithm will be AMELIA (Honaker et al., 2012) because informative
Bayesian priors about individual missing data cells can be included. AMELIA has also an advantage in its
flexibility and its efficiency. The incorporation of priors follows basic Bayesian analysis where the imputation
turns out to be a weighted average of the model-based imputation and the prior mean, with weights depending
of the relative strength of the data and prior (Honaker and King, 2010). These informative prior can come
from the elicitation of expert belief or from the analysis of previous studies (Garthwaite et al., 2005). There
are helpful for handling sparse data (Lenk and Orme, 2009), which can appear if the sample is strongly
biased, as more additional artificial records are needed.
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about the nationalities of the population for generating 185 additional articial record. The

ordered dependent variable, WTP, has two types of zeros. The first type refers to economic

conditions of the interviewee who is not able to pay for an environment improvement. The

second type represents the false zero; the interviewee refuse to pay because he has a strate-

gic behavior (the improvement will be paid by the other, there is difficult to understand

the hypothetical survey. . . ). Compared to a standard OP, the ZIOP model allows to get

relevant estimates which have a huge coverage of the probabilities and they have a low level

of bias (Hill et al., 2011).

To estimate the conditional OP, ZIOP and ZIOPC, we used the R program and code which

had been developed by Bagozzi et al (2011) (Hill et al., 2011). The covariates which have

been incorporated in standard OP, have been selected by stepwise method. Those have been

included in OP, are the same in ZIOP(C). We chose the same covariates for the splitting and

ordered equations. All maximum likelihood estimated models must begin with an initial set

of starting parameters. For our application, the goal is to provide a naive but reasonable set

of starting parameter values, where the term "reasonable", which introduced by Bagozzi et

al (2011), typically means values between -1 and 1, so as not to provide too large an initial

starting parameter value. Seeing that the ZIOP model is complicated, it can lead to non-

convergence or non-finite initial values which case represents an issue especially in the case

of our sample. In which case, it is recommended to estimate a simpler model (the standard

OP in our case), and then use the OP estimates as starting parameter values (in ordered

equation) for the more complicated model (the ZIOP in our case), and then "reasonable"

values (we used 0.1) for any additional parameters estimated for the covariates in splitting

equation.

The stepwise method has chosen seven significant covariates; gender, age, matrimonial sit-

uation, education level, income, how the visit organized and the residency of the intervie-

wees. We have excluded the covairates which linked to environment and MPA perceptions

to sidestep an endogeneity problem.Table 4 mentions the results of OP, ZIOP and ZIOPC

models. For the three models, the income, education level and the residency are signifi-

cant in ordered equation. They explain well what influences the WTP and determines its

amount. It is quite normal since the literature has shown the importance of income in the

contingent labor. The age is significant in the splitting equation for ZIOP(C) models. The

ZIOPC shows the non significance of covariates gender and marital situation in the splitting

equation and the manner of visit’s organization in ordered equation. Referring to the infor-

mation criterion, the ZIOP and ZIOPC models have been chosen such as a relevant models

than the OP model. To same up, the acceptability of the MPA project may be explained by

the age and the education level of the interviewees. Thus has been proved by the ZIOP(C)

models. Furthermore, the three models (OP, ZIOP, and ZIOPC) choose the same covariates

which determine the WTP amounts. These covariates are the income, education level and

residency of the interviewees.

Harris and Zhao (2007) have proposed the Vuong test (Vuong, 1989) to compare the ZIOP

10



and ZIOPC models to the OP model. The Vuong test described by the equation

v =

√
N( 1

N

∑N
i mi)

√

1

N

∑

N
i (mi − m)2

with mi the natural logarithm of the ratio of the predicted probability that λi = j of OP

model (in the numerator) and the ZIOP(C) model in the denominator. where v < −1.96;

ZIOP or ZIOPC model is favor, −1.96 < v < 1.96 means no support any model, and v > 1.96

favors the OP model (Vuong, 1989; Hill et al., 2011; Harris, 2007). The vuong test results

favor the ZIOP model over the OP model (v = −2.872) and similarly favors ZIOPC model

over the OP model (v = −3.270). These results show that ZIOPC and ZIOP model are

superior to the OP model, which result had been mentioned by Harris and Zhao (2003,

2007), and Bagozzi et al (2011). The zeros in our sample represent 21.9%, and the predicted

probability of the ZIOP mentioned that 29% of null wtp with 54.4% protest response or

structural 0.

For an average individual who would be willing to pay, the WTP will be 41.8 DT (con-

ditional WTP). Besides that, for an average individual whom we know nothing a priori, the

WTP will be 35.036 DT (41.8*0.83).

Reverting to the results of ZIOP(C) models, who have a high education level among the

interviewees, are more able to accept the MPA project than the other, and pay an additional

amount to benefit of the environment change in the two islands. Furthermore, the residency

of the interviewees, plays an important role for the accepting of the project and the WTP

declared. In fact, the interviewees are residents (Tunisians) and non residents (foreign). The

foreign are more able to accept the MPA project and to declare a high willingness to pay

than the residents. Thus may be a kind of source of bias and a part of them proclaim a

positive WTP due to that they are on holiday and visit the Kuriat islands once and it’s not

safe to come back another time. On the other hand, the non residents have a high income

level than the resident and their culture allows them to be more involved in the environment

conservation projects. Thence, we can evoke that the contingent valuation surveys more

reliable in the developed countries than in the developing countries, which result had been

proved by the literature (Whittington, 2002).
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Table 3: Estimated Coefficients for OP, ZIOP and ZIOPC

OP ZIOP ZIOPC

Splitting Parameters

INTERCEPT −1.235 (0.397)*** −1.240 (0.376)***

GENDER1 0.146 (0.196) 0.259 (0.206)

AGE2 1.506 (0.406)*** 1.232 (0.425)***

AGE3 2.324 (0.447)*** 2.153 (0.446)***

AGE4 2.197 (0.480)*** 1.922 (0.521)***

AGE5 1.465 (0.476)*** 1.268 (0.476)***

AGE6 1.619 (0.556)*** 1.454 (0.532)***

MS1 −0.178 (0.257) 0.017 (0.300)

EL1 0.756 (0.191)*** 0.845 (0.197)***

Ordered Parameters

0|1 3.077 (0.561)*** 0.517 (0.603) −0.021 (0.637)

1|2 −1.738 (0.280)*** 1.561 (0.202)*** 1.369 (0.300)

2|3 −0.246 (0.116)** 0.552 (0.119)*** 0.498 (0.139)***

3|4 −0.473 (0.124)*** −0.185 (0.121) −0.247 (0.139)*

4|5 −0.549 (0.132)*** −0.385 (0.129)*** −0.460 (0.157)***

5|6 −0.636 (0.161)*** −0.506 (0.160)*** −0.582 (0.184)***

GENDER1 0.217 (0.134)*

AGE2 0.799 (0.386)**

AGE3 1.448 (0.423)***

AGE4 1.392 (0.438)***

AGE5 0.951 (0.445)**

AGE6 0.959 (0.493)*

MS1 0.087 (0.174)

EL1 0.794 (0.134)*** 0.668 (0.150)*** 0.459 (0.201)***

OV1 −0.033 (0.242) −0.000 (0.243) −0.021 (0.228)

NAT1 0.551 (0.254)** 0.627 (0.255)*** 0.605 (0.239)***

lnINCOME 0.236 (0.056)*** 0.719 (0.090)*** 0.597 (0.140)***

ρ −0.645 (0.331)**

AIC 1016.019 964.928 965.046

BIC 1079.813 1036.227 1040.098

IBIC 1151.609 1112.686 1120.810

CAIC 1096.813 1055.227 1060.098

Standard errors are in parentheses.***, ** and * indicate significance at 1%, 5% and 10% sizes, respectively.

As we evoked above, the MI has been used like a sensitive analysis for our estimation,

especially with and extension of the sample which reached 500. Using the imputed data,

we have obtained approximately the some results (Tab.5) for OP and ZIOP(C) models with

a sleazy difference. For the OP model, the covariate "gender" becomes significant. The

manner of visit’s organization (OV1) has been selected in the ordered parameters for the

ZIOP model. For the ZIOPC model, the covariates "gender" and the visit’s organization

become significant, but the education level has been neglected. According the information
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criterion, the BIC, IBIC and CAIC have selected the OP model, besides the AIC has chosen

the ZIOPC. The vuong test results favor the ZIOP (v = −2.623) and ZIOPC (v = −3.662)

models over the OP model. For the sample with imputed data, the zeros represent 21%, and

the predicted probability of the ZIOP mentioned that 49% of null WTP with 58.7% protest

response or structural 0. With the imputed data, the WTP of an average individual will be

28.4 DT (conditional WTP). Moreover, for an average individual whom we know nothing a

priori, the WTP will be 20.16 DT (28.4*0.71).
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Table 4: Estimated Coefficients for OP, ZIOP and ZIOPC with imputed data

OP ZIOP ZIOPC

Splitting Parameters

INTERCEPT −0.486 (0.293)* −0.537 (0.252)**

GENDER1 0.249 (0.189) 0.327 (0.152)**

AGE2 0.953 (0.281)*** 0.863 (0.225)***

AGE3 1.786 (0.375)*** 1.620 (0.282)***

AGE4 1.564 (0.343)*** 1.459 (0.276)***

AGE5 1.145 (0.335)*** 1.152 (0.262)***

AGE6 1.271 (0.426)*** 1.203 (0.335)***

MS1 −0.139 (0.208) 0.019 (0.162)

EL1 0.617 (0.196)*** 0.576 (0.205)***

Ordered Parameters

0|1 1.233 (0.273)*** −0.763 (0.314)*** −0.844 (0.305)***

1|2 −1.332 (0.162)*** −0.688 (0.248)*** −0.773 (0.237)***

2|3 −0.515 (0.094)** −0.245 (0.115)** 0.325 (0.111)***

3|4 −0.699 (0.102)*** −0.595 (0.105)*** −0.694 (0.104)***

4|5 −0.744 (0.110)*** −0.686 (0.110)*** −0.820 (0.114)***

5|6 −0.785 (0.131)*** −0.744 (0.130)*** −0.912 (0.137)***

GENDER1 0.173 (0.098)*

AGE2 0.706 (0.215)***

AGE3 1.300 (0.215)***

AGE4 1.232 (0.219)***

AGE5 1.020 (0.237)***

AGE6 1.192 (0.283)***

MS1 0.025 (0.112)

EL1 0.536 (0.101)*** 0.416 (0.120)*** 0.201 (0.139)

OV1 −0.053 (0.117) −0.311 (0.130)** −0.221 (0.109)**

NAT1 0.479 (0.118)*** 0.593 (0.132)*** 0.515 (0.109)***

lnINCOME 0.053 (0.014)*** 0.047 (0.016)*** 0.054 (0.014)***

ρ −0.879 (0.068)***

AIC 1780.294 1797.532 1779.469

BIC 1851.942 1877.609 1863.761

IBIC 1937.042 1960.624 1958.193

CAIC 1868.942 1896.609 1883.761

Standard errors are in parentheses.***, ** and * indicate significance at 1%, 5% and 10% sizes, respectively.

6 Conclusion

The contingent survey suffers from several bias especially the protest responses like in our

sample. The ZIOP model seems able to treat this kind of issue; excessive zeros in the datasets

(≈ 21.9%). It uses a system of two latent equations that allows for the zero observations to

be generated by two different attitudinal regimes. Also, Harris and Zhao (2007) have given

an importance to the correlation between the two latent equations. For this reason, they
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have introduced the ZIOPC model which, applying the vuong test, has more performance

than the OP and ZIOP models (same results with imputed data). The ZIOP(C) model

mention that the acceptability (in splitting equation)of the environment change (MPA es-

tablishment) depends on attitude and behavioral criteria such as the age, education level,

gender, etc. Moreover, the ordered dependent variable (WTP) may better explained by the

economic criteria such as the income, residency and education level too. The ZIOP men-

tioned that 29% (49% with imputed data) of null WTP with 54,4% (58.7%with imputed

data) structural 0.

By this contingent survey, we tried to highlight the role of the contingent valuation for

measuring the WTP for an environmental project (MPA) and to detect which criteria in-

fluences the interviewees declarations. The contingent valuation surveys conducted in the

developing countries had been widely criticized. For instance, Whittington (2002) criticized

them for three reasons; (i) the CV surveys are "poorly executed and implemented", the CV

scenarios had "poorly crafted" and the failure to conduct a robustness test such as using

the "split-sample experiments" (Whittington, 2002). On the other side, some practitioners

had mentioned the reliability of the CV surveys in the developing countries one time the

settlements, which had been suggested by the literature, are followed. At this level, we evoke

the reliability of CV survey which had been conducted by Memon and Matsuoka (2002)in

a developing country (Pakistan). They shown that their CV survey had been conducted

successfully because it had been well executed, its scenario had been lavishly crafted and the

sensibility test had been done without difficult (Memon and Matsuoka, 2002). In our case,

the CV survey had been well implemented and its scenario had been well explained to the

interviewees, but it does not stop to have a biased sampling. The sensitivity analysis has

been done using the sample with imputed data. We have obtained approximately the same

results in comparison with initial sample. The results of the MI strengthen our analysis

especially the CV method has been largely criticized.
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A

Variables signification included in the survey

Variables Label Description n Min Mean Max Std. dev.

Part 1: socioeconomic data

Gender 1= Man 144

0= Women 171

NT Nationality 0= Tunisian 162

1= French 68

2= German 25

3= Russian 12

4= Belgium 14

5= Italian 27

6= Canadian 7

Age 1= <20 years 20

2= [20 - 30[ 67

3= [30 - 40[ 101

4= [40 - 50[ 79

5= [50 - 60[ 33

6= ≥ 60 15

MS Marital Status 0=Single 107

1= Not single 208

EL Education Level 0= primary and secondary school 140

1= University 175

lnINCOME natural logarithm of income 0 9.178 11.156 2.171

INCOME Income in dummies 1= <5000DT* 54

2= [5000 - 10000[ 56

3= [10000 - 15000[ 29

4= [15000 - 20000[ 20

5= [20000 - 30000[ 60

6= [30000 - 40000[ 42

7= [40000 - 60000[ 45

8= ≥ 60000 9

MPA perception and WTP declared

OV If the visit is organized 0= by agency 141

0= by self 174

NRU Nature resources Usage 0= underexploited 38

1= operating under standards 117

2= overexploited 160

THMPA If the Kuriat islands are threatened 0= no 155

1= yes 160

KMPA Knowing MPA before 0= no 142

1= yes 173

TMPA If the MPA will attract more visitors 0= no 85

1= yes 230

NAT The interviwee is resident or not 0= resident 162

1= no resident 153

WTP Willigness to pay 0= 0 DT 69

1= 5 DT 12

2= 10 DT 60

3= 15 DT 54

4= 20 DT 48

5= 30 DT 33

6>= 40 DT 39

∗=1 DT≈ 0.5euro

Regressors’ signification
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B

Standard OP model

Value Std. Error t value

0|1 3.077 0.560 5.487

1|2 3.253 0.562 5.781

2|3 4.035 0.574 7.024

3|4 4.658 0.582 8.000

4|5 5.235 0.588 8.895

5|6 5.764 0.595 9.676

GENDER1 0.217 0.133 1.624

AGE2 0.799 0.385 2.073

AGE3 1.447 0.423 3.420

AGE4 1.392 0.438 3.175

AGE5 0.951 0.445 2.135

AGE6 0.959 0.493 1.945

MS1 0.087 0.174 0.500

EL1 0.793 0.134 5.918

OV1 -0.033 0.242 -0.137

NAT1 0.550 0.253 2.170

lnINCOME 0.235 0.055 4.218

Residual Deviance 982.019

AIC 1016.019
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C

OP results

Variables estimate sdbeta t value

0|1 3.077 0.561 5.486

1|2 −1.738 0.280 −6.197

2|3 −0.246 0.116 −2.125

3|4 −0.473 0.124 −3.828

4|5 −0.549 0.132 −4.175

5|6 −0.636 0.161 −3.944

GENRE1 0.217 0.134 1.624

AGE2 0.799 0.386 2.074

AGE3 1.448 0.423 3.421

AGE4 1.392 0.438 3.175

AGE5 0.951 0.445 2.136

AGE6 0.959 0.493 1.946

MS1 0.087 0.174 0.500

EL1 0.794 0.134 5.918

OV1 −0.033 0.242 −0.138

NAT1 0.551 0.254 2.170

lnINCOME 0.236 0.056 4.218
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D

ZIOP results

variable β sdbeta t test

INTERCEPT −1.235 0.397 −3.111

GENDER1 0.146 0.196 0.742

AGE2 1.506 0.406 3.705

AGE3 2.324 0.447 5.199

AGE4 2.197 0.480 4.580

AGE5 1.465 0.476 3.077

AGE6 1.619 0.556 2.910

MS1 −0.178 0.257 −0.692

EL1 0.756 0.191 3.948

0|1 0.517 0.603 0.858

1|2 1.561 0.202 7.726

2|3 0.552 0.119 4.630

3|4 −0.185 0.121 −1.527

4|5 −0.385 0.129 −2.976

5|6 −0.506 0.160 −3.171

EL1 0.668 0.150 4.458

OV1 0.000 0.243 0.001

NAT1 0.627 0.255 2.456

lnINCOME 0.719 0.090 8.026
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E

ZIOPC results

variable β sdbeta t test

INTERCEPT −1.240 0.376 −3.295

GENDER1 0.259 0.206 1.257

AGE2 1.232 0.425 2.901

AGE3 2.153 0.446 4.832

AGE4 1.922 0.521 3.692

AGE5 1.268 0.476 2.663

AGE6 1.454 0.532 2.732

MS1 0.017 0.300 0.056

EL1 0.845 0.197 4.278

0|1 −0.021 0.637 −0.033

1|2 1.369 0.300 4.558

2|3 0.498 0.139 3.569

3|4 −0.247 0.139 −1.772

4|5 −0.460 0.157 −2.931

5|6 −0.582 0.184 −3.157

EL1 0.459 0.201 2.287

OV1 −0.021 0.228 −0.091

NAT1 0.605 0.239 2.526

lnINCOME 0.597 0.140 4.262

ρ −0.645 0.331 −1.949

Information criterion OP ZIOP ZIOPC

AIC 1016.019 964.928 965.046

BIC 1079.813 1036.227 1040.098

IBIC 1151.609 1112.686 1120.810

CAIC 1096.813 1055.227 1060.098
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F

OP results with imputed data

variable β sdbeta t test

0|1 1.233 0.273 4.524

1|2 −1.332 0.162 −8.238

2|3 −0.515 0.094 −5.460

3|4 −0.699 0.102 −6.878

4|5 −0.744 0.110 −6.780

5|6 −0.785 0.131 −6.000

GENDER 0.173 0.098 1.769

AGE2 0.706 0.215 3.279

AGE3 1.300 0.215 6.053

AGE4 1.232 0.219 5.622

AGE5 1.020 0.237 4.295

AGE6 1.192 0.283 4.206

MS1 0.025 0.112 0.223

EL1 0.536 0.101 5.299

lnINCOME 0.053 0.014 3.695

OV1 −0.053 0.117 −0.454

NAT1 0.479 0.118 4.053
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G

ZIOP results with imputed data

variable β sdbeta t test

INTERCEPT −0.486 0.293 −1.662

GENDER 0.249 0.189 1.313

AGE2 0.953 0.281 3.387

AGE3 1.786 0.375 4.759

AGE4 1.564 0.343 4.553

AGE5 1.145 0.335 3.417

AGE6 1.271 0.426 2.983

MS1 −0.139 0.208 −0.666

EL1 0.617 0.196 3.154

0|1 −0.763 0.314 −2.434

1|2 −0.688 0.248 −2.781

2|3 −0.245 0.115 −2.130

3|4 −0.595 0.105 −5.697

4|5 −0.686 0.110 −6.225

5|6 −0.744 0.130 −5.706

EL1 0.416 0.120 3.457

lnINCOME 0.047 0.016 2.854

OV1 −0.311 0.130 −2.389

NAT1 0.593 0.132 4.502
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H

ZIOPC results with imputed data

variable β sdbeta t test

INTERCEPT −0.537 0.252 −2.131

GENDER 0.327 0.152 2.157

AGE2 0.863 0.225 3.826

AGE3 1.620 0.282 5.735

AGE4 1.459 0.276 5.282

AGE5 1.152 0.262 4.399

AGE6 1.203 0.335 3.591

MS1 0.019 0.162 0.116

EL1 0.576 0.205 2.811

0|1 −0.844 0.305 −2.769

1|2 −0.773 0.237 −3.258

2|3 −0.325 0.111 −2.934

3|4 −0.694 0.104 −6.649

4|5 −0.820 0.114 −7.210

5|6 −0.912 0.137 −6.644

EL1 0.201 0.139 1.441

lnINCOME 0.054 0.014 3.796

OV1 −0.221 0.109 −2.021

NAT1 0.515 0.109 4.742

ρ −0.879 0.068 −13.014

Information criterion OP ZIOP ZIOPC

AIC 1780.294 1797.532 1779.469

BIC 1851.942 1877.609 1863.761

IBIC 1937.042 1960.624 1958.193

CAIC 1868.942 1896.609 1883.761

Information criterion for the imputed data
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