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Introduction

The worldwide wine scene has gone through significant changes lately, especially since the 90´s. Both producers and wine drinkers have taken turns as the main actors in these changes. The most significant event with respect to demand has been a decrease in worldwide wine consumption, or at least a certain amount of stagnation as a consequence of two opposite effects. On one hand, the increase in demand in countries with traditionally low wine consumption, and the other, a reduction of observed per-capita consumption in those countries where indeed there is greater wine production and tendency to drink wine. Life style changes have followed a parallel path. For instance, now an increase has been observed in the consumption of higher quality wines than before. Changes have also taken place in traditional family events and social occasions in general, where once daily wine consumption was typical but now has been replaced by an occasional status.

The supply side has also undergone changes. The international players have witnessed the entrance of new countries in a sharing role in two systems of harvesting, production, and commercialization. The first model belongs to the Old World countries and includes France, Italy, Germany, Portugal and Spain. A second type is made up of the New World countries, of which Australia, South Africa, Chile, Argentina and the United States are the major players. As a result there is saturation in the international wine market. The slowdown in demand is accompanied by an increase in the supply of quality wines. And in this environment of increasing competition many wine producers have sensed the need to construct their own image and create a concept of quality that can be perceived by consumers. This scenario can even be introduced, with certain overtones, to the Canary Archipelago, and specifically to the island of Tenerife. Vineyards and the wine community arouse analytical interest in this geographical area not only because of its tradition in the wine production process -present in the Archipelago since the 1400´s-but also because of the inherent peculiarity of these wines, namely the climatic conditions, the orography in the island, and the variety of grapes used1 . Vine growing is also an important asset of undeniable ecological value given its contribution to rural developments, one of the selling points for tourism on the island, which is the true motor of economic activity in the Archipelago.

Increased competition in the wine market, in addition to recent trends defined by consumers, such as the drop in per capita wine consumption and an increase in the demand by consumers for quality wines, have motivated the need for detailed studies regarding consumer behaviour. But these studies need to go beyond such questions as explaining the quantity or frequency of wine consumption, and must include the ways and means in which it is occurring. The characteristics that define the place of consumption or purchase, the origin or region from which the wine came from, and the brand or wine types, can be important when helping develop strategies to sufficiently differentiate wines under current circumstances. Some research indicates that it is difficult to obtain an appropriate economic forecast in the wine sector without a thorough study of demand. Either way it is possible to undertake a study of consumer behaviour using several approaches given the importance that brand loyalty has had in prior research.

This study recognizes the limited amount of available information in this regard. We In our case a special type of model is necessary to properly gather the characteristics of the phenomenon that is being explained, namely its discrete and non-negative nature. Several alternatives have been proposed in the econometric literature which can fall under the term count data regression models. These models allow us to undertake this type of analysis and also offer some alternatives when defining the structure of consumer preference.

The specific characteristics of this variable allow the study to cover two aspects. The first concerns methodology, which is evident by the variety of models that can be utilized and consists in comparing the alternatives which fit the type of count that is found. The second is eminently empirical, and its goal is to describe not only the most suitable decision making process but to identify which factors explain the increased or decreased diversity in wine consumption.

Given these objectives, the paper is divided into three sections. The first section develops the methodology used, including the different models, noting the most advantageous features of each. Section two describes the data and compares the obtained results from all the models used. The last section draws the most relevant conclusions.

2 Several studies which analyze the influence of socioeconomic characteristics on alcohol consumption are [START_REF] Nayga | Sample selectivity models for away from home expenditures on wine and beer[END_REF], [START_REF] Su | A censored system of cigarette and alcohol consumption[END_REF] and [START_REF] Selvanathan | Economic and demographic factors in Australian alcohol demand[END_REF]. 

Standard models for count data

In our paper the number of wine types is between zero (non consumers) and seven (those wine drinkers, hereafter consumers, who tried all of the wine types considered in the study). A linear regression model is not appropriate for a study of this type since it ignores the special characteristics of this variable and may lead to inefficient, inconsistent and biased estimators. 
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Explanatory variables of the model collect the observed heterogeneity, since they are the only source which can be differentiated among the individual ones. The distinct observed values from the explanatory variables lead to different λ values, while all the individual ones with the same value of the explanatory variables produce the same value of λ.

The equality of the conditional mean and variance in the Poisson model is one of its main characteristics and reflects its heteroskedastic nature. Nevertheless, it is also 6 one its primary disadvantages, namely its inability to capture potential overdispersion4 which tends to be present in most data.

The search for greater flexibility has led to the introduction of other models, some of which are also based on the Poisson distribution. These models are better at capturing the overdispersion and other characteristics, such as the excess of zeroes or the existence of long tails on the right side (of the distribution), which are considered as signs of unobserved heterogeneity5 [START_REF] Mullahy | Heterogeneity, Excess Zeros and the Structure of Count Data Models[END_REF]. 
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One of these models is the negative binomial model6 . Its representation as a Poissongamma mixture model is obtained by assuming that the unobserved heterogeneity term7 , i v , distributed as gamma

( ) ( ) δ δ, Γ with α ≡ δ = σ 1 2 i v (dispersion parameter) and [ ] 1 = i v E [ ] 1 = i v E
, which leads to the negative binomial probability density8 :
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with mean and variance defined as: Cameron and Trivedi (1986) propose a more general model, the NEGBIN k with variance [ ]
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, the resultant model is the NEGBIN II. In the case where 1 = k we have the NEGBIN I model.

These standard proposed models face two types of major limitations. The first limitation assumes a zero and positive observations are generated by the same data process. This is the case that we are analyzing, assuming the same preference structure for consumers and non-consumers. A second limitation is characterized by its rigid structure considering its unobserved heterogeneity and is based on known parametric distributions. Therefore it is useful to consider other models that offer greater flexibility regarding these issues.

Hurdle models

Hurdle models, also known as two parts models, are typical alternatives and have been used in a number of applications. These models were developed by [START_REF] Cragg | Some Statistical Models for Limited Dependent Variables with Application to the Demand for Durable Goods[END_REF] for continuous data in the Tobit model context. Nevertheless they are quite useful in data count analysis if we observe a number with many zeros and even cases where there are hardly any zeroes at all when compared to the Poisson model [START_REF] Winkelmann | Recent Development in Count Data Modelling: Theory and Applications[END_REF] 9 . 9 The data base in this study reveals that the number of zeros represents an important percentage (24%) of all observations. Early work with this class of count data models are described in [START_REF] Johnson | Discrete Distributions[END_REF]. Nevertheless not until [START_REF] Mullahy | Specification and Testing of Some Modified Count Data Models[END_REF] were economic applications seen and regression effects explained 10 .

The consideration of the individual decision making process is one of the principal characteristics of these models. In the first stage (hurdle part), the individual decides, for example, if he wants to consume a product or not, and in the second stage (called the parent-process), given an affirmative decision, he decides how much he wants to consume. As a consequence of this decision, the probability of a zero response is modelled separately of the probability of a positive result, that is:
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are probability density functions which may or may not be the same type, 1 f governs the hurdle part and 2 f the process once the hurdle has been passed. These models can be seen as a finite mixture compared to the Negative Binomial, which assumes a combination of continuous random variables, due to the combination of the zeros generated by a distribution and the positive values generated by a truncated distribution [START_REF] Cameron | Regression Analysis of Count Data[END_REF]. [START_REF] Mullahy | Specification and Testing of Some Modified Count Data Models[END_REF] 11 Although in this case the set of explanatory variables is the same, it is possible that it can differ. 
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The estimation of the parameters for maximum likelihood on this type of models can be carried out through separate optimization of both components, namely the binary process and the truncated one. On many occasions, the first part is represented by a logit or probit model. As pointed out by [START_REF] Trivedi | The Structure of Demand for Health Care: Latent Class versus two-part models[END_REF], this choice does not have significant effects on the estimated probabilities.

Finite mixture models

The previous models can be seen as belonging to the finite mixture class, as indicated earlier, although they also assume certain restrictions which can be overcome. These restrictions include a sample that is divided into two subsets representing zero and positive observations, which can be generated by different processes and represent a special case of the finite mixture which incorporates a degenerate component. An alternative to this proposal is seen in the construction of finite mixture models which belong to family of latent class models [START_REF] Lindsay | Mixture Models: Theory, Geometry and Applications[END_REF]. These models show greater flexibility and other important advantages which allow for a combination of zero and positive values. Finite mixture models have been extensively used in statistics, but only recently have they achieved recognition due to their applications in various areas of research [START_REF] Leisch | FlexMix: A General Framework for Finite Mixture Models and Latent Class Regression in R[END_REF].

12 Other authors have used different versions of this model, such as the negative binomial [START_REF] Gurmu | Excess of Zeros in Count Models for Recreational Trips[END_REF]. 
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The mixed density function is then expressed by:
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These distributions can belong to different parametric families, although normally it is assumed that they belong to the same one (for example, Poisson, Negative Binomial, etc). In general, the j π are unknown parameters that must be jointly estimated with the rest of the parameters from the model, θ , with

∑ - = π - = π 1 1 1 C j j C
. These j π can be parameterized as a function of a group of explanatory variables, using a logit function (see, for example [START_REF] Wang | Analysis of Patent Data -A Mixed Poisson Regression Model Approach[END_REF], however identification problems can arise, hence in many cases these are estimated as simple constants 11 interesting, however, this is not essential since the finite mixture can be simply expressed in a flexible and parsimonious way of modelling the data [START_REF] Cameron | Regression Analysis of Count Data[END_REF].

Models for a subsample

In some instances, the range of the dependent variable is partially observable or only one subset of the population is of interest because it represents specific type of behaviour. For example, only those individuals who have tried at least a certain number of wine types are considered. This context reveals a truncated sample towards the left, typically with the truncation at zero, and in our case, only consumers.

The standard way of gathering this type of behaviour involves the use of Poisson or truncated Negative Binomial models 13 . These models coincide with the second part of the hurdle model discussed earlier. This case is characterized by the assumption that the behaviour of the dependent variable follows some of these distributions and that the observed counts are restricted to positive values.

An alternative way to deal with the truncation at zero is by changing the sample space. This approach is different then the one obtained by the conditional distribution, and the probability function would be given by: ( )
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where now 13 [START_REF] Gurmu | Test for Detecting Overdispersion in the Positive Regression Model[END_REF], [START_REF] Grogger | Models for Truncated Counts[END_REF], [START_REF] Gurmu | Overdispersion Test for Truncated Poisson Regression Models[END_REF], among others, have commented on these models. Recent application in order to look for some evidence of the presence of reputation in the return to tourist destination can be found in [START_REF] Ledesma | Return to tourist destination. Is it reputation, after all?[END_REF].

F o r P e e r R e v i e w 12 [ ] [ ] i i i i i i x / y V x / y E λ = + λ = 1
This distribution is known as the Displaced Poisson (Jonson and Kotz, 1969) and agrees with the one obtained by [START_REF] Shaw | On-site Samples Regression[END_REF] for the treatment of on-site sampling 14 .

Although the basis for the truncated distribution and the one obtained from this last distribution is the same, both are different (Cameron and Trivedi, 1998, p. 331).

Finally, our approach can be extended to the different versions of the Negative Binomial and the finite mixture model which were presented in previous sections.

The finite mixture model only requires an explanation of how new obtained distributions for the different classes are going to be considered. The optimization procedure follows the same steps as in the original.

Data and Results

Data

The data used in this study came from an exhaustive survey regarding wine consumption in Tenerife which took place during April and May, 2001. The survey included questions related to residents´ drinking habits and preferences with respect to wine consumption in general and specifically wine from Tenerife 15 . The variables that were used in our analysis include the type of wine consumed, the frequency of consumption and others of a socioeconomic nature. A description is included in table 1 of the appendix.

We thought it would be important to put together a descriptive analysis of the number of wine types. This analysis would give us an initial idea about the 14 See [START_REF] Englin | Estimating Social Welfare using Count Data Models: An Application to Long-run Recreation Demand under Conditions of Endogenous Stratification and Truncation[END_REF] for an extension to the Negative Binomial. 15 See [START_REF] Guirao | El consumo de vino en Tenerife[END_REF] for a detailed description of the survey. individuals. This variety is also greater among professionals, businessmen and civil servants, while housewives consume a smaller amount of wine types. An increase in income corresponds to an increase in the variety of wines consumed, although this is not the case for specific levels of education. For instance, university students and those individuals with primary school studies are those that consume the greatest amount of distinct wine types. Regarding consumption frequency we observe that, in general, as the frequency in wine consumption increases, so does the average number of wine types consumed. Specifically, those who seldom drink will consume on average approximately 2 different types of wine, while this figure rises to 2.5 for those who drink occasionally and 2.8 for those who drink often. Finally the average number of wine types for those who drink daily is 2.5, although the dispersion of these with respect to the average number of wine types is the highest of all the categories.

F

This relation among the number of wine types and consumption frequency suggests that frequency, along with other socioeconomic characteristics, can be a determining factor in the variety of wine types that the individual consumes and is the reason why it is included as an explanatory variable in the models used in the study. Both NEGBIN I and NEGBIN II models reveal that the parameter of dispersion ( ) α is not significant for the sample. This result suggests that the overdispersion present in the data is not very high (see table 2 in the appendix), which is reasonable given the relative nearness that exists between the mean and variance of the dependent variable, 1.8063 and 2.365, respectively.

Results

Several

In order to compare the Poisson model with the negative binomial approximations we began with the optimal regression-based test proposed by [START_REF] Cameron | Regression-based Tests for overdispersion in the Poisson Model[END_REF] to check for overdispersion or underdispersion in the Poisson model 16 . This test is based on the OLS auxilliary regression between

( ) [ ] i i i i i y y z µ - µ - = 2 2 and i i i ) ( g w µ µ = 2
, where ) ( i g µ is equal to µ or 2 i µ and in the posterior significance testing of the coefficient. In both cases, this coefficient is practically null and not significant, indicating scarce presence or absence of overdispersion in the data. We then use the common LR (likelihood ratios) 17 to compare nested models. In this case no evidence is found to reject the Poisson model against the NEGBIN I and

II models 18 . 16 ( )    µ α + µ = µ = i i i i i g ) y var( : H ) y var( : H 1 0 17 ) L Ln L Ln ( LR 1 0 2 - - = ~2 q χ
, where 0 L is the likelihood function for the restricted model and 1 L for the unrestricted model. 18 We previously studied the influence of certain socioeconomic characteristics of the individual on the number of wine types that are being consumed, but without considering the effect of consumption frequency. In this paper the Poisson model was rejected against the two negative binomial estimates using traditional overdispersion tests. This result leads us to consider whether the differences among individuals are not only due to observed heterogeneity but also to unobserved heterogeneity. The unobserved heterogeneity term included in the conditional mean of the negative binomial models can capture the effect of one explanatory variable which has been omitted in the model. The current study includes consumption frequency as the explanatory variable and has not lead to the rejection of the Poisson model against the two negative binomial models. Consequently we can consider that this Similarly the significance of j π confirms the hypothesis of the two subpopulations, whose estimated proportions would be 0.847 and 0.153.

Given that the Hurdle Poisson model and the FMPM models are not nested, two standard choice criteria are used in the comparison, namely the Akaike Information Criteria (AIC) and the Bayesian Information Criteria (BIC) 19 . 
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, where L is the maximum likelihood function, k is the number of parameters that are estimated and N is the number of total sample observations. The nested models allow us to compare using likelihood ratio tests. In this case the statistic takes on a value of 39.766 which, at the 5% significance level, leads to the rejection of the Poisson model in favour of the latent class model. Fitted relative frequencies were calculated for each model, considering the entire sample or only consumers. For the first case (see table 3) our review reveals that all of the models under study tend to underestimate the number of zeros and overestimate the number of ones. Nevertheless good behaviour is observed when counts are greater than or equal to two. Most of the models adequately capture each one of the counts when only considering consumers (see table 4). In this situation the finite mixture model stands out. With regard to the subsample of wine drinkers, we followed the procedure described in section 2.4. As observed in 

  approach not based strictly on one dimension but instead adopt a view which will at least allow us to observe consumption behaviour based on exclusivity or diversity. The study specifically aims to describe the socio-economic characteristics which best define the number of different wine types consumed by individuals based on a survey carried out with residents from the island of Tenerife 2 .

  11 , leading to the Hurdle Poisson model,10 Yen (1999) compares continuous and count data hurdle models to study cigarettes consumption by women in the US finding similar demand elasticities with respect to continuous explicative variables.

  in this type of model is assumed to be taken from a population which is an additive mixture of C distinct subpopulations in proportions

(

  Deb and Trivedi, 1997, among others).Finite mixture models offer a natural and intuitively attractive representation of the heterogeneity in a finite number of usually small, latent classes, where each one of which can be considered as a type or a group. The choice of the number of components of the mixture determines the number of types. If these components have a natural interpretation, then a characterization of the finite mixture is

  models have been tested for all individuals and for the sub-sample of consumers with the aim of analyzing the role of exclusivity in the consumption of wine. Both cases initially used the Negative Binomial and Poisson models. Two assumptions are made with respect to the Negative Binomial: one, that the variance is considered to be proportional to the mean, leading to the NEGBIN I model, and the variance is defined as a quadratic function of the mean, resulting in the NEGBIN II model.

  model (HPM) and Finite Mixture Poisson Model (FMPM) (see table 2 in appendix) are also included with the prior estimates. The Hurdle model separately models the probability of individual decision to not drink from the one where he decides to drink a specific number of wine types, while the finite mixture model considers two components (latent classes) that could initially be interpreted in relation to the level of exclusivity in the consumption. The dichotomy between these two groups would be characterized by a mean and variance of the number of wine types consumed where the first model has a lower value than the second. In our study the means are, respectively, 1,70 and 2,55, with variances of 0.974 and 6.15.

  preferred according to the AIC and the Poisson model is favoured by the BIC.

  several approaches regarding the analysis of wine type consumption by the residents in Tenerife have been presented. Standard approximations (Poisson, NEGBIN I and NEGBIN II) have been compared with more flexible ones (Hurdle Poisson Model and the Finite Mixture Poisson Model with two components). These last two have been proposed as alternatives in the data count context which normallyshows relatively high means and long tails, thus producing greater advantages than those found in typical parametric versions[START_REF] Guo | Flexible Parametric Models for Long-tailed Patent Count Distributions[END_REF]). In our case, the count type showed different characteristics than those mentioned, and motivated the interest in exploring these alternatives from an empirical point of view. Based on some traditionally used criteria in model selection for count data it can be concluded that Negative Binomial models are not superior to the Poisson model. A comparison of the Poisson model with the other two models which do not assume the same preference structure for consumers and non-consumers (Hurdle Poisson Models), or those that assume the presence of subpopulations with different response (Finite Mixture Poisson Model) is carried out. In our study the Poisson model or the Finite Mixture Poisson Model is chosen according to the criteria utilized. Nevertheless our results indicate that these models can be, marginally at least, more appropriate when including this particular type of count. At any rate other semiparametric and non-parametric alternatives are open to further research in this area. A summary of the results obtained from our study regarding the determining factors based on the level of exclusivity in the consumption of wine shows that, in general, the age of the individual -where a smaller variety of wine types remain as individuals age-, the individuals residence -in this case the most exclusive consumption occurs in the northern part of the island-and drinking frequency are

  factors. In addition income and education are exceptionally relevant for certain models. These factors also show behaviour patterns which are differentiated according to the group of individuals considered in the Finite Mixture Poisson Model, providing this model perhaps with a more realistic and useful approach to represent the heterogeneity of the observed phenomena.

Table 1 . Frequency Distribution: number of wine types Number of types Frequency Overall % % of those that consumer
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(33.7%), imported bottled wine with A.O. (16.3%) and self produced local table wine (12.6%). In addition, 20.67% drink three different types of wines. The most common combination among this three type group was imported table wine, local bottled wine with A.O. and imported bottled with A.O., representing 38%.

Table 2 . Model selection (Information Criteria) Criteria/Model Poisson Hurdle Poisson model

 2 Based on the results from the prior table we conclude that the Hurdle Poisson model should be rejected in favour of the other alternatives, where the Finite Mixture variable has assisted in explaining the individual differences that were initially attributed to unobserved heterogeneity, and specifically, to overdispersión.

	Finite
	mixture
	Poisson
	model

Table 3 . Actual and fitted distributions: (Relative frequencies for different models) N=1172 Number of types

 3 Age generally influences the number of wine types chosen by the consumer. This finding is consistent with the Finite Mixture Poisson Model (FMPM). As a result the number of variety of wine consumed decreases as the individual gets older. This characteristic is also present in the rest of the models. Other determining factors in the rest of the models are geographical area and consumption frequency. There is a wide range among consumption in the southern part of the island, and especially in the metropolitan area, when compared to the northern part of the island. Nonetheless, its influence in the finite mixture model is different for both considered classes. For instance, a significant impact is noted in the southern area for the group of less exclusive wine drinkers, and for the metropolitan area, it is the most exclusive.

		Observed	Poisson	Hurdle Model Finite Mixture
	0	0.24	0.16	0.15	0.16
	1	0.21	0.30	0.28	0.29
	2	0.27	0.27	0.27	0.27
	3	0.16	0.16	0.17	0.16
	4	0.06	0.07	0.08	0.07
	5	0.03	0.03	0.03	0.03
	6	0.02	0.01	0.01	0.01
	7	0.01	0.00	0.00	0.00
			Table 4.		
	Actual and fitted distributions: (Relative frequencies for different models)
			N=890		
	Number of types	Observed	Poisson	Truncated Poisson	Finite Mixture
	1	0.28	0.25	0.33	0.29

  Table2, the obtained results for the choice of models are the same as those for the complete sample. That is, according to the AIC criteria the FMPM is preferred, while the BIC criteria points to the Poisson model. The statistical value of the likelihood ratio test among these nested models is 64.64, rejecting the Poisson model against the Finite Mixture Model at the 5% significance level. The proportions for each class are significant for the Finite Mixture Model, estimated at 0.758 and 0.242, respectively. As we mentioned earlier, this can be an indication of the presence of two subpopulations that show a different response with respect to the greater or lesser exclusivity in consumption.The obtained results are, in some aspects, similar to those obtained for the entire sample (see table 3 in the appendix). That is, for the standard Poisson model, age, geographical location and consumption frequency are seen as relevant factors, but not educational level. The greatest variability is found in the set of individuals with university studies. This last result is also generated by both groups in the finite mixture model. Occupation is also not relevant in this model for the least exclusive group. Note, however, that income has a positive effect in the most exclusives, even when the negative impact for the first group is obtained. Finally the remaining factors, which include age, geographical area and consumption frequency, reveal similar behaviour to that obtained from our entire sample, although in this case the impact of consumption frequency is lesser for both groups.

Table 3 . Estimation results for the consumer subsample (N=890)

 3 

				Finite Mixture Model (Latent Class)
	Variables	Poisson Coeff. p-value	Class I Coeff. p-value	Class II Coeff. p-value
	Constant	-0.924	0.000	-0.969	0.017	-0.903	0.257
	S2	-0.086	0.207	-0.052	0.604	-0.129	0.512
	E1	0.598	0.004	0.425	0.174	1.371	0.158
	E2	0.638	0.001	0.566	0.052	0.889	0.069
	E3	0.564	0.002	0.349	0.229	0.874	0.058
	E4	0.596	0.001	0.493	0.103	0.762	0.114
	E5	0.265	0.144	-0.079	0.786	0.827	0.057
	A2	0.193	0.008	-0.085	0.533	0.713	0.000
	A3	0.201	0.009	0.287	0.013	0.063	0.796
	SF2	0.113	0.242	0.256	0.078	-0.607	0.199
	SF3	-0.068	0.534	-0.016	0.922	-0.285	0.345
	MUF	0.036	0.130	-0.010	0.759	0.063	0.301
	O2	-0.097	0.468	-0.209	0.248	-0.038	0.932
	O3	-0.063	0.569	-0.032	0.854	0.252	0.436
	O4	0.003	0.978	-0.229	0.219	0.455	0.192
	O5	0.119	0.233	-0.167	0.367	0.563	0.084
	O6	0.136	0.233	-0.082	0.657	0.352	0.261
	O7	-0.014	0.906	-0.237	0.222	0.470	0.194
	ED2	0.093	0.502	0.203	0.452	-0.041	0.908
	ED3	-0.041	0.784	-0.276	0.341	0.585	0.145
	ED4	0.129	0.418	0.044	0.884	0.412	0.353
	I2	-0.018	0.874	0.295	0.127	-0.696	0.018
	I3	-0.030	0.796	0.415	0.040	-0.866	0.012
	I4	-0.161	0.228	0.332	0.155	-0.988	0.012
	I5	-0.098	0.480	0.461	0.051	-1.075	0.006
	FC α	0.185	0.000	0.180	0.000	0.242	0.007
	Ln L	-1337.968		-1305.646	

A significant amount of grape diversity is present in the Canary Archipelago, due to several reasons, one of which is the absence of phylloxera.

Note that the log-linear formulation of the parameter i λ ensures the positive nature of the mean of

1 1 1 1 1

Overdispersion means that the conditional variance is greater than the conditional mean.

The problem of unobserved heterogeneity occurs in application in which behavioural differences among individuals can not properly "captured" by the group of explanatory variables in the conditional mean function of the model.

This type of model can also be inspired by different approaches. See[START_REF] Boswell | Chance Mechanisms Generating the Negative Binomial Distributions[END_REF].

This term can pick up a specification error, such as the omission of some explanatory variable(Gourieroux et al, 1984a, b) or by the intrinsic random process(Hausmann et al, 1984).

This probability function refers specifically to the NEGBIN II model.
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Appendix Table 1. Variables included in the models

 -1760.601 -1760.499 -1760.602 -565.248 -1338.331 -1740.718