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SURVEY DESIGN


· Objetive: Studying the economic benefits of deep-sea game fishing in Gran  Canaria.

· This was a demand survey, focusing on the specific characteristics of the tourists visting Gran Canaria for the purpose of deep-sea game fishing.

· PART I: Experience subjects had in sport-fishing in general, in relation to their preferences about the type of fishing, the particular species and the characteristics of saltwater sport-fishing, such as the rate of catch, the size of the catch, whether the fish could be taken to shore, and the challenging of the catch. There were also questions about the reasons subjects had for going deep-see game fishing.

· PART II: Trips to Gran Canaria, questioning the main reasons for the current visit, the length of stay, the total travel expenses, and the number of trips realised in the last twelve months.
· PART III: Subject is asked to assumed to pay an extra amount for the practice of deep-sea fishing game. The valuation question reads as follows: 

“In this question we would like to know how much you value the practice of deep sea game fishing on Gran Canaria. Suppose that you are asked to pay a sum of money, over and above the expenses that you have already incurred, to be able to practise deep sea game fishing. Would you be willing to pay ​​​__ on each trip to Gran Canaria?

Yes __  No __ Do not know ___”

· PART IV: The preservation value question followed by considering a programme for managing the fisheries with the aim of maintaining the variety and quantity of fish in Gran Canaria. The question reads as follows:

“Deep sea game fishing depends on the condition oof the fisheries. In order to maintain the present variety and quantity of fish in Gran Canaria, a programme to manage and maintain these could be set up. Suppose that you are asked to pay a sum of money on each fishing rip to Gran Canaria to finance such a preservation programme. Would you be willing to pay ____ towards such a programme on each trip to Gran Canaria? 

Yes __  No __ Do not know ___”

· DATAS: The field work was conducted in 1997. A random sample of 1004 individuals were questioned about their home address among the tourists taking boats for deep-sea game fishing. The questionnaire was mailed to these individuals with pre-paid back envelopes. After three recalls spanned in two months, the total number of valid questionnaires was 310, representing a response rate of 31%. This can be considered below some other studies, but it can be explained because a large proportion of tourists taking the boats are not regular sport-fishers, but just occasionally during their stay in the tourist resort.

VALUATION MODEL


· We utilise the dichotomous choice contingent valuation method. In this method, each individual answers a yes/no question to a bid price that the researcher randomly distributes across the sample.

· This elicitation method has been advocated by the NOAA Panel protocol on contingent valuation (Arrow et al. (1993)). Traditional econometric modelling of these data involves maximum likelihood estimation, either by considering a random utility model (RUM) (Hanemann (1984)), or a censored dependent variable model (Cameron and James (1987)).

· Following Cameron (1988),         

                                       WTP= xi’( + (i 

Where  xi is a vector a explanatory variables, ( is a k x 1  parameter vector, 

(i is a random error term. 

· The observed answers (yi) to the bid price (Pi) might take the value 1 or 0, indicating that WTP is higher or lower than the bid price, respectively. Assuming independence answers the probability of a positive answer of individual i to a bid price Pi is
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Conventional Probit Model (ML)

· The likelihood function across the sample responses can be written as follows
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where ((.) is the normal cumulative distribution function. 

Note

The estimators of parameters ( and ( can be obtained by maximum likelihood methods. However, these estimators are only appropriate for large samples under the assumption of a normal distribution for the error terms (Griffiths, Hill & Pope (1987)). The utilisation of Bayesian methods could be an alternative for small or finite samples, which could lead to more accurate and exact estimation (McCulloch y Rossi (1994)).

Bayesian Model (BM)


· Bayesian approach complete this model with the prior ditribution of (, that is, a 
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· The joint posterior distribution is difficult to evaluate by multiple integration methods. However, this becomes more feasible by using Gibbs sampling develops by Albert & Chib (1993).

· Idea is sampling directly from the conditional posterior distributions for the latent variables WTPi, i.e., f(WTPi| y1, ..., yn, (), where (  is the parameter vector ((, (2). Thus, although the latent variables are not observed, they can be simulated with the information available from the sample data. These conditional distributions for the latent variables and the posterior distributions allow us to evaluate iteratively the posterior distribution for ( and (2.

· The Gibbs sampling works by iteratively replacing the initial value on the conditional distributions. That is,
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· The algorithm is repeated t times, leading to the final values (WTP(t), ((t), ((t) ) obtained from the joint distribution (WTP, (, (2)|Y. This sequence of t algorithms is conducted over H times, leading to H values for each parameter of the posterior distribution, i.e [WTPh(t), (h(t), (h(t)]Hh=1. These series of simulated values are utilised to generate the posterior moments for the parameters after discarding the first d values. 

Bayesian Mixture of Normals Probit Model (BMNP)


· It is widely appreciated that any misspecification of functional form in a dichotomous choice model will lead to inconsistent estimates of conditional choice probabilities.

· This model allows us to relax this assumption by mixing the parameters distributions and by increasing the number of distributions in the mixture. 

· In this model error term follows
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· By increasing m, model introducing flexibility of error term distribution, but what’s the right value of m? 

Comparison of Models



BIC
AIC

ML
10213,54
0,9723

BM (m=1)
9471,88
0,9104

BMNP (m=2)
8536,25
0,8195

BMNP (m=3)
8312,72
0,7972

BMNP (m=4)
8267,16
0,7920

**BMNP (m=5)
8263,60
0,7909

BMNP (m=6)
8270,14
0,7908

** Best model
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where

Ln L = Logarithm of maximum likelihood function.

k = number of parameters.

n = number of observations. 

Results on Deep-fishing in Gran Canaria


· Mean Consumer Surplus of tourist is 30.191 Ptas (181,42 € ).

Mean WTP
Median WTP

Use
Total
Use
Total

30191

[3061,3327]
36242

[3545,3740]
27839

[2559,2914]
31835

[3006,3260]

Valuation Functions (t-Student in parentheses)

Variables
Valor de Uso
Valor de Preservación

INTERCEPT
-206.38

(-0.21)
-1738.70

(-2.02)

INCOME
8.44

(1.58)
21.58

(4.23)

(INCOME)2
-0.0177

(-1.67)
-0.0346

(-3.26)

EDUCACTION
6.18

(0.30)
27.92

(1.47)

N TRIPS
84.11

(0.52)
426.51

(3.06)

CATCH
317.5

(1.32)
-539.61

(-2.61)

DAYS
-280.78

(-1.27)
-277.2

(-1.33)

1st MOTIVE
569.72

(2.64)
41.08

(0.2)

CHAMPIONSHIP
400.98

(0.93)
1409.8

(2.7)

(
2245.3

(24.72)
2717.4

(29.72)

Ln L
-587
-949

_1048969443.unknown

_1048970218.unknown

_1051102139.unknown

_1051102210.unknown

_1051102137.unknown

_1048972406.unknown

_1048969849.unknown

_1036834198.unknown

_1039593114.unknown

_1048960935.unknown

_1036834217.unknown

_1036834174.unknown

