VALUING A WATER RECREATION FACILITY
USING SEMI PARAMETRIC ESTIMATORS IN
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The high moors and forest region located in the highlands of Antioquia, Colombia,
is considered a strategic ecosystem for the population that lives in and out of the
metropolitan area of the Aburrá Valley. This ecosystem provides several environmental services, such as water provision, which is used for recreational purposes
in the Parque de las Aguas (Water Park) as a free input3 . This park is one of the
main recreational sites in the Antioquia Department (Corantioquia, 1999).
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3 The water net that arises from its ecosystem provides water to more than 63,000 inhabitants that
belong to the surrounding area, and provides both water and electricity to Medellín city through
the multiple resource management system “Rio Grande II”, which is divided in two hydroelectric
power systems: Niquía and Tasajera. When the productive process is finished in Niquía, water is
used for aqueduct and drain purposes in the north area of Medellín. On the other hand, when the
productive process is finished in Tasajera, water is used for recreational purposes in the “Parque
de las Aguas” as a free input, and then it is spilled into Medellín’s river in order to dilute the
concentration of pollutants (Corantioquia, 1999).
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Orrego, Jaime and Bedoya (2002) developed a valuation study, oriented to find legal support for the protection of this ecosystem, such that it was declared a Special
Management Area (SMA). They used the Travel Cost Method (TCM) to assess the
benefits associated with the park, and valued the economic effect of keeping this
ecosystem.
Poisson and Negative Binomial probability distributions were adjusted to the data,
following Shaw (1988) and Englin and Shonkwiler (1995), and taking into account
the discrete nature of the explained variable and the existence of a truncated sample
with a possible endogenous stratification bias. Results showed that the welfare
measure for the whole sample that visited the site during the study period was
more than nine times the investment that that environmental authority carried out
for a period that lasted six years. This figure had a clear impact upon the SMA
declaration process (Orrego et al., 2002).
A more flexible approach has been suggested to validate the results obtained using
the parametric method (Silverman, 1986). The flexible method should relax the
assumptions used in the parametric approach, such that any bias can be tackled.
If benefit estimates obtained through both approaches are relatively similar, then
results could be deemed as robust.
There are two more flexible approaches with respect to the parametric methods:
non parametric (NP) techniques and semi parametric (SNP) techniques. The NP
techniques are based upon unknown error distributions and functional forms, i.e.,
they are completely free econometric specifications. They are used mainly to verify the results obtained through parametric methods. An important restriction related to their usage corresponds to the difficulty on the incorporation of an important number of explanatory variables, which is required for the decision making
(Silverman, 1986).
On the other hand, SNP methods allow the researcher the relaxation of incorrect
parametric specifications, coping with possible specification biases. Furthermore,
SNP techniques allow the consideration of an important number of explanatory
variables, when compared with NP methods. Nevertheless, the SNP techniques
are rather complex during the estimation process (Cooper, 2000).
This work consists of the application of the SNP techniques for the estimation
of the recreational benefits related to the Parque de las Aguas4 , in the Antioquia
Department. The application of this flexible econometric method might allow the
correction of any bias associated with data truncation and endogenous stratification
in data when using the TCM. The use of the SNP techniques might allow obtaining
more robust welfare measures, improving the decision making process.
4 Since its creation in 1996, this park has been one of the main recreational sites in the Aburrá valley.

On average, it is visited for 1,195,000 individuals each year, which are mainly attracted because of
the existence of a modern system of aquatic infrastructure. It has an area of 107 Ha, from which 40
Ha are covered with water, in addition to an ecological path where visitors can observe different
species of trees. Water demand in the park for recreational purposes reaches 6,500 m3 per month
(Orrego et al., 2002).
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This paper has been organised as follows. Section two contains a review of the
Travel Cost method (TCM), and of the parametric and SNP techniques. The application of the SNP technique to the Parque de las Aguas data is reported in the third
section, whereas the analysis and discussion of the results is detailed in section
four. Final conclusions of the study are pointed out in the last section.

THE TRAVEL COST METHOD
The Travel Cost method (TCM) is based upon the consumer choice theory. It measures the willingness to pay for good and environmental services associated with
recreational sites. The real value of a resource is expressed through the willingness
to pay for using the resource. This willingness to pay could be the cost associated
with visiting a recreational site. A demand curve for the environmental good could
be estimated, comparing the benefits for consuming the good, with the costs related to the good supply. Changes in access costs, as well as policy instruments, could
be assessed through variations in the consumer surplus (Ward and Beal, 2000).
During the initial developments of the TCM, Clawson and Knetsch –for more details see Ward and Beal (2000)– derived a demand curve based on aggregated zone
information. This approach had two problems. The first had to do with the loose
of efficiency due to the aggregation of socioeconomic information, whilst the second trouble was related to the lack of sensitive to individual travel time changes.
These inconveniences motivated the employment of disaggregated information,
estimating individual demand models, with a later aggregation process. Revealed
preferences could be represented and modelled in a better way.
Later developments considered the inclusion of new explanatory variables, such
as the travel cost of going to an alternative site (Freeman III, 1993; Orrego et al.,
2002), the site quality (Orrego et al., 2002) and the recreational facilities –see
Ward and Beal (2000). These studies also considered aspects such as the subjective value of time (Fernández, 1992; Ortúzar, 1994; Ward and Beal, 2000), the site
staying time (McConnell, 1992), socioeconomic differences in the population and
multipurpose visits (Ward and Beal, 2000; Mendelsohn, Hof, Peterson and Johnson, 1992), the consideration of the different components of the travel cost variable
(Zawacki, Marsinko and Bowker, 2000), and the treatment of the error component
specification in the recreational demand models (Ward and Beal, 2000).
An alternative approach to model the recreational demand is based upon the
discrete choice models or Random Utility Models (RUM), whose theoretical background rests on the Random Utility Theory. In this case, the choice made by
an individual, among many options, is modelled. The TCM models the number
of trips (frequency) to a recreational site, whereas the RUM studies the probability of visiting a specific site. Discrete choice models look for the maximization of the individual utility, considering constraints of income and time. Demand
models can be estimated and consumer surplus evaluated. More information can
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be found in Mendelsohn et al. (1992); Feather, Hellerstein and Tomasi (1995), and
Feather and Hellerstein (1997).

Parametric Estimates
In recreational demand models the dependent variable corresponds to the number
of trips to a recreation site made by an individual in a given period of time. Information is usually gathered through in situ surveys. Due to this, data might contain
some biases that should be considered during the estimation process. A first aspect
to be taken into account is that the dependent variable is a non negative integer. A
second matter has to do with the fact that non participant information is not available. Sample only refers to those people who have travelled to the site at least
once. Sample is referred as truncated. A third issue is related to the situation that
people visiting more often the place are more likely to be interviewed, with respect
to those occasional visitors. Sample might have an endogenous stratification.
Shaw (1988), the first researcher dealing with the problems pointed out before,
suggested a demand model based upon a Poisson distribution since it can cope
with non negative dependent variables. The estimation of coefficients would be
through the maximum likelihood method, eliminating the biases on the welfare
measures due to the truncation in the sample.
The use of a Poisson distribution is not obligated. Actually, the distribution should
satisfy the condition of having a well specified conditional mean. Besides, it is
required that the distribution variance is also well specified, such that the ratio
variance-mean equals one; this condition is known as equal-dispersion. However,
since many works dealing with recreational demand modelling show the existence
of data over-dispersion, then it is suggested the usage of different estimators, keeping the condition of a correct specification of the mean and the variance (Cameron
and Trivedi, 1998; Gourieroux, Monfort and Trognon, 1984), or the use of a more
general distribution, like a Negative Binomial. This distribution eliminates the
possibility of bias due to the over-dispersion since its conditional variance has a
squared specification in the mean (Creel and Loomis, 1990). More information
regarding the over-dispersion tests for the Poisson distribution can be found in
Cameron and Trivedi (1990).
With respect to the endogenous stratification, Englin and Shonkwiler (1995) developed a Negative Binomial model, which corrects simultaneously the truncation and endogenous stratification biases, whilst Ovaskainen, Mikkola and Pouta
(2001) assessed the effect of the endogenous stratification on the coefficients and
welfare estimates.

Semi-Parametric Estimates
The Semi Parametric (SNP) techniques are a tool halfway between the parametric
and non parametric estimators. According to Delgado and Robinson (1992), a SNP
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probability model has two components: a parametric and a non parametric model.
Although much of the effort is put on the parametric part of the model, it must be
said that the non parametric component allows for a better modelling, providing
more robust results. This non parametric part improves the efficiency of the model
with respect to any consistent parametric estimation.
The relevance achieved for the flexible specifications is due to the limitations associated with the parametric statistic inference, which rest on the “induction hypothesis”5 . When dealing with parametric estimates, a probability distribution is
assumed. In most of the cases that choice is arbitrary, leading to biased estimates.
However, because of its simplicity, these techniques are widely used in many empirical applications. On the other hand, semi parametric methods allow the researcher to reduce the potential for misspecification bias associated with parametric techniques, providing a solution to any statistical bias, but they do at the cost
of increased complexity over the parametric approaches and require careful fitting
to the data (Cooper, 2000).
Most of the flexible functional forms are of a second order, i.e., if h(x) is approximated by h(x/θ) then for any x0 there exists a θ0 parameter such that
lı́m

g→0

h(x0 + g) − h(x0 +
|g|

g
θ0 )

2

=0

(1)

Even though the use of flexible forms might improve the statistical aspects of the
modelling, there is no way of assuring that a flexible form will eliminate all biases
stated previously (Gallant, 1984).
A semi parametric technique is any methodology that allows testing for a hypothesis without assuming any specification form. The semi parametric model approaches the parametric one asymptotically, eliminating the “induction hypothesis”. The most appropriated way of approaching the real model is through a series
expansion, similar to
hk (x/θ) =

k
∑

θj ϕj (x)

(2)

j=1

Gallant (1984) stated that experience and literature have shown that most of the
flexible forms correspond to the main terms of series expansions. This would validate the use of this approach. Since a series expansion hk (x/θ) can approximate
very well an h(x) function, then it is possible to define a norm ∥e∥, which will
permit to measure the error approximation; an adequate norm is the Sobolev one.
This norm corresponds to
∥e∥ = h(x) − hk (x/θ)
5 This

(3)

hypothesis states that parametric estimates are limited for the distributional moments of the
assumed probability function, and as a consequence of this, they are not suitable to represent the
problem under study.
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One of the semi parametric models corresponds to a Fourier flexible functional
form, hk (x, θ). This functional form adds lineal and squared terms to the basic
Fourier form, such that the total number of terms is reduced when non periodic
functions are approximated. The size of the expansion depends on the data availability. When more data are available, then the number of terms in the expansion
is increased; this is known as the Sobolev flexibility. This lets the reduction of the
error ∥e∥, for any x, as much as desired, according the sample size, n, increases
(Creel, 1997; Cooper, 2000).
The Sobolev flexibility term has been used to name series expansions that are dense
according to the Sobolev norm. A functional form showing Sobolev flexibility has
the following properties: elasticity is consistent, hypothesis will not be rejected
spuriously, and the specification bias will be neglected. If these properties are
fulfilled, then equation 1 will be satisfied. Gallant (1984) proved that the Fourier
flexible form complies with the properties of the Sobolev flexibility. This implies
that this form has the property of approximating a real function and its derivatives,
for a finite order, over a specific range for the argument.
∗

Let λ be a vector of integers. Let |λ| be the sum of the absolute values of λ
elements. If function f (x) is a vector of order K, then λ will be a vector of non
negative integers with order K, such that
Dλ f (x) =

∂ |λ|

∗

∂X1λ1 ∂X2λ2 . . . ∂Xkλk

f (x)

(4)

The Sobolev norm is an indicator that takes into the derivatives, such that if hk (x/θ)
approximates poorly h(x), or any of its derivatives of order K, then the error given
by equation 3 will reach a large value. According to Creel (1997) and Gallant and
Souza (1991), the Sobolev norm of any function f (x) will be:
∥f (x)∥m,X = max sup Dλ f (x)

(5)

∗

|λ| ≤ m x ∈ X
Where m is a finite non negative integer and X is the domain of f (x). If h(x, θ) is
a Fourier approximation of f (x), then in the estimation optimum will be satisfied
by the following:
b
f ∗ (x) − h(x, θ)

m,X

−→ 0

(6)

Therefore, any approximation that is continuous according to the Sobolev norm,
for any real function, will allow the estimation of consistent coefficients. This
is quite important at the moment of calculating the welfare changes, since they
depend on the demand model coefficients.
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Besides, it is possible to choose θj independently from the information available
about m, X and f (x). The problem that remains is how to estimate these coefficients using any standard econometric procedure. According to Gallant (1984), if
coefficients are estimated using OLS, ML or OLS in two or three steps, they will
have the desirable properties about consistency and so on.
Coming back to the Fourier functional form, this has the following expression:
hk (x, θk ) = Uo + b′ x + 0, 5x′ Cx+


A ∑
J

∑
+
(νjα cos [jkα′ s(x)] − wjα sin [jkα′ s(x)])


α=1

(7)

j=1

∑A
∑A
′
Where Uo = uo + α=1 uoα , C =
α=1 uoα kα kα and x is a row vector of
order (k − A − J) × 1. This vector corresponds to all the arguments of the utilities
difference model, where k is the dimension of θ, A is the length of the series, and
J is the order of the approximation. A and J are positive integers. kα are vectors
of positive and negative integers, which are indices of the conditional variables
after transforming and scaling x by s(x). The s(x) function avoids the periodicity
of the model, since the sine and cosine functions are periodic, whereas the demand functions are not. s(x) scales and transforms the x variables, such that they
are always in the interval [0, 2π − 0.000001]. The modified variables are smaller
than 2π, which correspond to the period of the sine and cosine functions (Cooper,
2000). With respect to the optimal values for A and J, some authors suggest that
a proper length would be two or three indices, whereas the order should vary between one and two; more details can be found in Creel (1997). A discussion about
the optimal number of coefficients (θ), to be estimated is provided by Chalfant and
Gallant (1985) and Cooper (2000).
Keeping in mind the discrete and truncated nature of the dependent variable, then
it seems plausible the utilization of a Fourier form as an approximation of the real
function. Estimations can be carried out using ML or SML, whilst semi parametric Poisson or Negative Binomial distributions can be used to model the data.
Although these distributions are not totally flexible, they permit to cope with the
biases in this kind of samples (Cooper, 2000). An extension of this approach, based
upon more flexible transformations, such as polynomial series, can be revised in
Cameron and Johansson (1997).
Regarding the properties of the estimates, Andrews (1991) and Gallant and Souza
(1991) studied the conditions under which the Fourier form achieves asymptotic
normality, whereas Delgado and Mora (1995) derived the asymptotic properties of
the semi parametric procedures considering weaker conditions than those required
by continuous estimators.
On the other hand, Fenton and Gallant (1996) ran a study to find out whether the
apparent convenience of using SNP methods had any setback, considering that the
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SNP is the more convenient non parametric method to estimate simultaneously
the coefficients of the non lineal model and the latent density process using ML.
They found that there is no problem using SNP methods, since SNP estimates are
qualitative and asymptotically equivalents to kernel estimates, when using totally
non parametric methods, being the later the optimal estimates.
Besides, Fan and Li (1996) carried out several tests to evaluate consistency when
using non parametric and semi parametric regressions. Finally, Gurmu, Rilstone
and Stern (1999) developed a semi parametric approach for over disperse regression models, based on a series expansion for the unknown density of the unobserved component, which is a quite attractive approach when truncated discrete
models are estimated and the error term distribution is not well specified.
There are few examples with regard to the use of semi parametric methods to
model recreational demand. Creel (1997) estimated welfare measures (Equivalent
Variation) for an unknown demand functional form. Cooper (2000) used and compared parametric, semi parametric, and non parametric methods when dealing with
the estimation of benefits associated with the hunting of water birds in protected
areas in San Joaquin Valley, California. Crooker (2004) explored the efficiency
of using semi parametric techniques when assessing welfare measures associated
with people that visited the Lake Clear, Iowa, in year 2000.

APPLICATION
The Fourier flexible functional form was applied to data collected by Orrego et
al. (2002), from November 2000 to February 2001. 409 visitors of the Parque de las Aguas were interviewed. Data were transformed and adjusted to the
[0, 2π − 0.000001] interval, then proceeding to the estimation of the semi parametric models. Scaling was performed to avoid the Gibb effect, which happens when
there are large oscillations when using Fourier series. ML and SML procedures
were used for the estimation, since they allowed the correction of the truncation
and endogenous stratification biases.
Regarding the semi parametric models estimated, they corresponded to four types,
depending on the combinations of length and order: SNP-I (order = length = 1),
SNP-II (order = 2; length = 1), SNP-III (order = 1; length = 2) and SNP-IV
(order = 2; length = 2).
The general specification of the models was Ti = h(xi ) + ei , where h(x) was
estimated through a Fourier flexible form, i.e., hk (x, θ). x corresponds to the
explanatory variables vector and θ are the coefficients to be estimated. A general
specification of the deterministic component is shown in equation 7.
More details about the explanatory variables in this study can be found in Orrego
et al. (2002). CV2 is the travel cost, including a 40 % of the salary as a proxy
of the travel time opportunity cost; CS2 is the travel cost of the alternative site,
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including a 40 % of the salary as a proxy of the travel time opportunity cost; Salario
corresponds to the monthly income.
The estimated coefficients were given by θ = (a, b, c, u1 , v1 . . . uj , vj ). This vector has a dimension of K = 3 + 2 · J.
The calculation procedure consisted in estimating the vector θ0 for different specifications and values of hk (xi , θ), n, and K and studying the error approximation
for h(x), and the first and second derivatives, (d/dx)h(x) and (d2 /dx2 )h(x).
Once coefficients were estimated, demand elasticities were calculated to have a
full economic interpretation of results (Cooper, 2000). Elasticity expressions correspond to:
}
{ J
A
∑
∑ (
] )
]
[ ′
[ ′
∂hk (x, θk )
= b + Cx + 2
j νjαcos jkα s(x) + wjα sin jkα s(x) kα
∂x
α=1
j=1
(8)

Consumer surplus for the j − th individual was estimated using
( ∫
)
max
n
T Cij
∑
∗
CSj =
wi
exp [hk (x, θk )] dT C
i=1

(9)

T Cij

max
Where T Cij
is the exclusion fare or maximum observed travel cost, and wi is
an observation weight if required. For SNP models the total consumer surplus for
the sample is equal to the sum of the individual surpluses, since the SNP model
might be highly non linear (Cooper, 2000).

Since there is an important co-linearity among estimates when using Fourier series
forms, resting reliability to the hypothesis tests, then welfare measures will be
presented through confidence intervals. These intervals were estimated using a
bootstrap approach.
For the bootstrap, 30.000 sets of simulated data were generated. Each simulation
allowed the estimation of a set of coefficients and, hence, a welfare measure. An
empirical distribution of coefficients and welfare measure were built up following
this procedure. The specific bootstrap method used in this case corresponded to the
bias accelerated correction (bac) procedure. More details regarding this approach
can be found in Crooker (2004).
The test suggested by Cameron and Trivedi (1997) was used to check for over
dispersion in the data and estimated models. This test consists of running the
following regression:
[
]2
bi
Ti − λ
bi + ϵi
[
] = αλ
(10)
b
λi − 1
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bi = exp(hk (xi , θ)). According to this test, if Ho : α = 0 cannot be
Where λ
rejected, then the E[T ] = V ar[T ] condition in the Poisson model cannot be discarded either. This implies that the collected data do not exhibit over dispersion
(Cooper, 2000).

DISCUSSION
Different regressions were estimated for the Poisson distribution, since this distribution corrects the truncation and endogenous stratification biases. Estimation
were made using the Pseudo Maximum Likelihood (SML), with a parameterisation of the variance-mean ratio, such that V ar/M ean = 1 + E(M ean). This
parameterisation is the most appropriated in this type of models according to
Cooper (2000).
Estimations were carried out using Gauss 6.0, modifying the original codes prepared by Cooper (2000). Modified codes are available on request from the corresponding author. Results are presented in table 1.
TABLE 1.
RESULTS FOR POISSON MODELS
Variable
CV2

CS2

Salario
Coef.
α
Log-L
T
T̂

SNP-I
-0.0591
(−0.4901, 0.9057)*
(−0.6075, 0.7863)
0.0845
(−0.3165, 0.4889)*
(−0.1461, 0.6540)
0.6839
(0.3397, 1.0305)*
(0.1782, 0.8715)
10
0.4256
-45.824
-783
1286
877

SNP-II
-0.0479
(−0.9830, 0.8825)*
(−1.1353, 0.6843)
-0.0504
(−0.5531, 0.4549)*
(−0.3882, 0.6205)
19.316
(0.8227, 3.0541)*
(0.5514, 2.0674)
16
0.4067
-45.148
-777
1286
877

SNP-III
-0.0922
(−0.3627, 1.5381)*
(−1.0718, 0.8152)
0.1008
(−0.3317, 0.5370)*
(−0.1724, 0.6891)
0.7019
(0.3329, 1.0735)*
(0.0834, 0.8173)
16
0.4066
-47.113
-776
1286
877

SNP-IV
-0.3645
(−2.0489, 1.3032)*
(−2.5756, 0.5565)
-0.0288
(−0.6228, 0.5685)*
(0.4462, 0.7369)
19.802
(0.8344, 3.1411)*
(0.4241, 2.0439)
28
0.3794
-43.646
-767
1286
877

Note 1. ()* = corrected confidence intervals (bac).
Note 2. () = uncorrected confidence intervals (CI-90 %)
Source: based upon author main results.

Results are presented as elasticities. Values in brackets are the corrected (90 %
bac) and uncorrected (CI-90 %) elasticities intervals. As expected, elasticities for
order 1 models (SNP-I and SNP-III) have the proper sign: (∂T /∂CV 2 < 0),
(∂T /∂CS2 > 0), and (∂T /∂Salario > 0), i.e., less trips if the own travel cost
increases, but more trips if the alternative site travel cost increases or if the own
salary is augmented.
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For order 2 models (SNP-II y SNP-IV), just the own travel cost, CV2, and Salario
variable elasticities had the expected sign.
When increasing the length or order, changes are obtained in the estimates. Bigger change is gotten for the SNP-IV. These changes might provoke variations in
welfare measures and conclusions derived from them.
With respect to the confidence intervals for elasticities, differences are got when
comparing the corrected and uncorrected estimates. Actually, there is a displacement of intervals: lower and upper bounds increase for the corrected models, and
a change on the width of the intervals. When corrected intervals are biased, then
uncorrected intervals are the valid ones.
The number of coefficients estimated (coef ), moves between 10 and 28. Higher
order and length models have more coefficients to be estimated. The α coefficient
corresponds to the test to identify the existence of over dispersion. For the estimated models it cannot be rejected the null hypothesis, being true 31.4 % for all
models, implying that there is no over dispersion. Therefore, there is no need to
estimate a Negative Binomial model.
Regarding the predictive capacity of the models, they are able to predict the 68.2 %
of total trips in the sample.
Estimates of consumer surplus (CS) per trip are shown in table 2. CS varies between $4.148 and $7.635 per trip. Lowest value is related to the higher order and
length model. These results are quite significant to an individual and aggregated
level. Although CS variations among models look like small when referring to
values per person, these changes are quite important when values are aggregated
to the sample (409 people) and the whole visitor population (1.195.000 per year).
This fact might have an important effect on policy decision making regarding investment and management. The choice of the best model representing the sample
being modelled and the population should not be a minor issue.
TABLE 2.
CONSUMER SURPLUS PER TRIP (POISSON MODEL).
CS/Trip
bac 90 %
CI-90 %
Standard error
VC

SNP-I
7635
(4,510; 10,780)
(4,627; 10,680)
1905.7912
0.2624

SNP-II
5660
(2,010; 9,336)
(3,241; 9,929)
2226.8192
0.3747

SNP-III
6930
(2,660; 11,229)
(3,677; 11,785)
2604.6385
0.3724

SNP-IV
4148
(-727; 9,075)
(1,872; 10,117)
2979.4823
0.6248

Source: based upon models estimation.

Concerning the confidence intervals for welfare measures, it can be noticed that
the corrected interval (bac 90 %) for the SNP-IV model is biased. This implies that
the valid interval is the one related to the uncorrected values (CI-90 %). Besides,
the difference between the corrected and uncorrected intervals for the SNP-I model
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welfare estimate is quite small, implying that for this model the bias in the welfare
estimate is the smallest, when compared with the other models. This coincides
with the fact of SNP-I model having the smallest variation coefficient (VC).
It can be concluded from the previous observations that the difference between the
corrected and uncorrected intervals increases when moving from lower to higher
order and length models. This might be due to the fact that models tend to be less
linear when increasing the order or length. For instance, an order 1 model implies
that the power for the sine and cosine functions is equal to one, whereas if order is
2, the demand function is approximated through squared forms of sine and cosine
functions.
Estimates of the total consumer surplus, for the sample of 409 individuals, are
shown in table 3.
TABLE 3.
TOTAL CONSUMER SURPLUS (POISSON MODEL).

CS total
bac 90 %
CI-90 %
Standard error

SNP-I
6696310
(3918465, 9491218)
(4042057, 9394553)
1693836

SNP-II
4964002
(1745522, 8204724)
(2823682, 8740356)
1963270

SNP-III
6077593
(2332030, 9848473)
(3217466, 10315810)
2284618

SNP-IV
3.638.362
(-619367, 7939977)
(1636144, 8862616)
2601585

Source: based upon SNP estimation results.

Total consumer surplus was calculated aggregating the individual CS estimates.
As in the individual case, total welfare estimate for the SNP-IV model is biased
when considering the corrected interval, implying that the uncorrected one is the
valid. Differences among models increase when the model order is augmented, as
expected.
Hence, it was necessary an order 1 model to get an improvement on the modelling
and data adjustment, with respect to the parametric model. Since there is not over
dispersion, then a Poisson model is enough, instead of using a Negative Binomial.
Besides, if the number of coefficients to be estimated is too large, the SNP models
tend to be less reliable with respect to simpler models. This can be observed in
SNP-II and SNP-IV models, which have the wrong sign for the coefficient associated with the CS2 variable. Moreover, elasticities for these models are quite larger
than those obtained for the order 1 model. Following Cooper’s results (Cooper,
2000) and this work, it can be said that for relatively small samples, a simpler
model is better than a higher order and length model. More sophisticated models tend to be instable. More complex SNP models converge to the real demand
function according the sample size increases.
Taking into account the previous comments, it can be said that the best models are
those of order 1 (SNP-I and SNP-III). However, since SNP-I model adjusts better
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the data than the SNP-III model, then it is concluded that this model should be
used for policy decision making.
As it was mentioned in section 2, the NP and SNP models can be used for cross
verification. Following Cooper (2000), if NP and SNP results are similar, then it
can be said that benefits are robust for the chosen estimator. He compared the results for parametric, SNP and NP models, concluding the previous statement. In
this work the only available publication for comparison, using the same data, is
the work produced by Orrego et al. (2002). They estimated a parametric Negative
Binomial model, correcting by truncation and endogenous stratification. Confidence intervals for the welfare measure, average consumer surplus per trip, were
built using the expressions provided by Yen and Adamowicks (1993). Results are
shown in table 4.
TABLE 4.
CONSUMER SURPLUS PER TRIP (PARAMETRIC CASE)
CS

Point Estimate
16197.7

Expected Value
20030

Confidence Interval (90 %)
(19389.2, 20670.8)

Source: based on Orrego et al. (2002)

The comparison of these results with those reported in table 2 shows that the parametric approach generates much higher values for the consumer surplus per trip.
This difference might affect clearly any policy decision.
Besides, Laverde and Montes (2003) using the same data estimated a non parametric model. When comparing the three welfare estimates it was detected the
following order relationship: CSSN P < CSN P < CSparam . This could be
explained based upon the specific assumptions associated with each model. Furthermore, the NP model does confirm the SNP model results, but fails when trying
to validate the parametric results.
The parametric model considered a fixed functional form, obtaining that the income (Salario) coefficient was very small, close to zero. Although outdoor recreation is not a main service for Colombian people, implying that the recreation
expenditure is relatively small, the result obtained using the parametric approach
does not sound plausible, when the socioeconomic characteristics of the region
where the survey was conducted are considered.
On the other hand, the SNP model showed that income (Salary variable) was relevant at the moment of travelling for recreation purposes. This would imply that in
the sample there would be income effect. It is argued that the difference between
the parametric and SNP models resides on the assumption they hold. Clearly the
parametric model is more restricted than the SNP one, implying that the later would
able to capture better the data characteristics.
Furthermore, the travel cost to the site, the travel cost to the alternative site, and
the income are all relevant when deciding to visit the Parque de las Aguas. These
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results are quite consistent with the socio economic context related to the sample.
Income and travel costs are indeed constraints at the moment of choosing an out
door recreation facility in less developed countries. The SNP model confirms this
fact. In contrast, Cooper’s work (Cooper, 2000) confirms that in more developed
countries income effect on recreation decisions is quite unimportant.
The income distribution information in the data base showed that the recreational
site visitors were people belonging to the lowest socioeconomic strata (Orrego et
al., 2002)6 . The survey was applied to people arriving by car though. Highest
income people normally would not attend this type of facilities since they would
have more exclusive amenities. This confirms the econometric results for the SNP
model.

CONCLUSIONS
The ecosystem of forests and high moors in the Andes highland was declared
a protected area, supported on the worked developed by Orrego et al. (2002).
According to them, benefits related to visitors over the year 2000 were similar
to the infrastructure investment required to put the recreation site in operation.
Since they used a parametric approach to estimate the benefits, and since these
approaches are not very flexible, imposing many restrictions on the analysis, it
was decided to carry out a semi parametric modelling approach. This more flexible
approach might help to drive the policy decisions.
Cooper’s work (Cooper, 2000) was used to guide this research, even though some
changes had to be introduced due to the existence of truncation and endogenous
stratification in the sample collected by Orrego et al. (2002). A Poisson distribution was adjusted, with a Fourier expansion of the model.
Four semi parametric models were estimated, considering different orders and
lengths. However, just an order 1 model would be enough to detect an improvement on estimates and economic results with respect to the parametric model.
Consumer surplus per trip for the simplest SNP model resulted in 47.14 % of the
value obtained by Orrego et al. (2002). The utilization of this lowest value might
help to improve the policy decision making, adopting a more conservative approach. Total consumer surplus, considering the whole population visiting the
recreation site, might vary between M$8.000 and M$18.000.
Regarding the possibility of over dispersion in the data, estimations showed that
this is not relevant. This implied that it was not necessary to estimate a Negative
Binomial distribution, as recommended by Orrego et al. (2002).
6 According

to Orrego et al., (2002), despite the fact that visitors inhabit all the neighborhoods of
Medellín, an important average came from middle and low income zones. From those questioned
in the survey, 6.6 % reached primary school, 38.14 % secondary school, 12.71 % technical school,
and 42.54 % higher education. In addition, only 10.76 % had a permanent employment contract.
On average, individuals visited the park 3.1443 times per year, remaining 5.17 hrs in the park.
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In contrast with the findings by Orrego et al. (2002) in relation with the non
existence of income effect, the SNP model showed that such effect would exist
in the sample, and population visiting the site. This finding matches the socio
economic characterization of the sample used to estimate the models. In addition,
the existence of the income effect implies that a Marshall surplus should not be
used as a measure of the users’ welfare, but as a Hicks measure.
When comparing the different modelling approaches, it must be said that the semi
parametric results did not match the parametric ones, but did agree with the non
parametric outcomes (Kernel approach). This implies that SNP benefit estimates
can be considered robust.
Furthermore, even though the parametric and semi parametric approaches allowed
the correction of the sample biases, the assumptions and scarce flexibility of the
parametric models did not permit the capture of the full impact of the independent
variables on the dependent one. The apparent non existence of income effect, as
mentioned previously, is an example of this.
There was no possibility to implement the cross validation test to check for over
adjustment in the SNP models. Instead, the variation coefficients (VC) associated
with the welfare measures, for the four SNP models, were compared with the VC
for the non parametric model estimated by Laverde and Montes (2003); they estimated a Variable Partition Histogram (PAVA) model. The analysis showed that all
models were over adjusted but the SNP-I. VC for this model and the non parametric model were similar indeed. Finally the SNP-I model was chosen to represent
the demand being modelled.
It has been shown that it is feasible to estimate a semi parametric model to study
the demand for a recreational site, obtaining promising results with respect to the
classical and little flexible parametric models, and the more sophisticated and absolutely flexible non parametric ones. When comparing the SNP welfare measures
with respect to those obtained using the standard approach, it was found some
important differences that might affect the decision process when dealing with
recreational investments and the optimal allocation of resources.
It is pending the implementation of the cross validation test, such that the choice
of the best model, among many, can be made with certainty. It would be also
interesting to estimate a semi parametric model, considering a Negative Binomial
distribution instead, contrasting these results with those obtained when using a
Poisson distribution.
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