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Impact of the economic and the political changes oconsumers’ wine
preferences in Catalonia (Spain): a generalized mushomial logit approach.

Abstract

The international economic crisis, which began @2 has had a devastating impact on the
Spanish economy. Consequently, there is been @ sliap in consumption and fixed capital
investment. An example of the impact of the ecomoanisis in the Spanish food market is the
growth of private labels which have raised theirrket share during all this period. Political
changes have also occurred in the recent yearhidncontext, our main goal is to determine
consumers’ preferences towards wine in Cataloniaedlsas to assess whether consumers adjust
themselves to the newer economic and political agenin particular, we will focus our interest
in those preferences regarding the regional orgjirthe wine. To tackle this issue Discrete
Choice Experiments were implemented and resulte werydelled by means of the Generalized
Multinomial Logit model (GMNL). The GMNL can decomge unobserved heterogeneity into
taste heterogeneity and scale heterogeneity. Tweegsi were conducted: before and during the
economic crisis, in 2008 and in 2010, with 400 &@d consumers, respectively. The results
show that consumers’ wine preferences from bothest® have changed. During the crisis

consumers tend to show less heterogeneous responses

Key Words: Consumer preferences, wine, Choice Experimenghe@lized Multinomial Logit

model.

Topic: Consumer behavior. Preference analysis.



Introduction and Objectives
Catalonia as a wine region

After Italy, Spain was the second largest wine-piglg country in the world for the year 2013
after an outstanding harvest (OIV, current situatimte 2014). Spain produced more than 53
million hectolitres of wine (MAGRAMA, Production dnsurfaces, 2014). Wine production in
Catalonia accounted for more than 3.7 million higcés, showing a growing trend in the recent
years (DAAM Agriculture Statistics, 2014). Thusetine sector in Catalonia, as well as that in
overall Spain, accounts for an important fractidntree agriculture and food industry of the
country. Its relevance is multifunctional and liesits contribution to the economy, the social
identity, and the landscape (Kallas, Z. et. al. 201n Catalonia, there are 12 Designations of
Origin (DO), including the DO CavaThe Catalan DO represents more than 90% of thpegr
growing surface (IDESCAT, Agricultural Census, 2)J0®hich shows a great specialisation for

the production of quality wine.

In Catalonia, the household wine consumption sh@wsentinuous downward trend for decades.
In 2000 household wine consumption was 21.86 lifres capita to only. This cipher is 15.00
litres in 2013 (Household consumption data. MAGRAM2014f. On the other hand, the
household consumption of quality wine has incredsef.5% for the same period (2000-2013).
These data show how consumers are experiencingraelof habits: they increase their demand
for higher-quality wines while decreasing their somption of other wines, specifically table

wines.

Another characteristic of the Catalan wine secioa relatively low market share of the Catalan
DO wines in retailer channels and in the HOREGQ®atalan DO wines only account up to 33.7%
of the total quality wine consumption in Catalofidielsen Panel, 201%4) This shows that the
demand for quality Catalan wines in Catalonia i8 kiw, and their main competitors in the

domestic market are (some) Spanish quality wingd) as “La Rioja" (Kallas, Z. et. al. 2013).

1 The DO Cava exclusively produces Cava, whichdsiaity sparkling wine produced using the Traditibmethod (also called
theChampenoise methpdithough this terminology was outlawed in Euragp&994).

2 Nevertheless, wine household consumption data stidts lower value in the year 2011 (12.86 litres gapita)

3 HORECA is the acronym for Hotel, Restaurant, aate€ing businesses.

4 The latter figure represents an increase of 4r6am¢age points compared to 2008



In turn, the exportation of Catalan quality wind®ws an increasing trend in recent years (in
volume and value) (DATACOMEX, 2014). Thus, Catalgumality wines are every time more

consumed and appreciated beyond our borders. Theraefe are interested to analyse the wine
preferences of consumers in Catalonia and try tolagx why Catalan wines have such a

relatively small share in the domestic market.

Socio-economic context in Catalonia

Since 2007 the world economy has undergone a pbasearked instability. The Spanish
economy has been much affected by the alteratiomsaicroeconomic and financial conditions.
Spain went into recession from the second semes2008, remaining in it until the first four-
month period of 2010, when a there was a modeswegg. This recovery receded in the second
half of 2011, as the sovereign debt crisis heigtdesind spread to an increasingly large number

of countries (Ortega, E. and Pefalosa, J., 2012).

The economic crisis in Spain has had a devastatpgact on the employment. In 2011 the
unemployment level reached a peak of more than meillon people (INE, 2014). The
employment adjustment can be defined as viruledt @otracted and it began in early 2008
(Ortega, E. and Pefalosa, J., 2012). Consequéméie is been a sharp drop in consumption and

in fixed capital investment (Carballo-Cruz F., 2D11

The agro food sector has also faced the consegu@fdhe crisis. An example of the impact of
the economic crisis in the Spanish food markehésgrowth of private labels which have raised
their market share during all this period (Nielddarket trends, follow up 2008-14).

Political changes have also occurred in Catalanthe recent years. The amount of Members of
Parliament that are strongly in favour of an indejent Catalonia (from Spain) has increased in
the last elections of 2012 in 7.4%data from the Catalan Parliament, in comparisith the
elections of 2010). Besides, the main nationalatypin Catalonia (CIU, for Convergencia i
Unid), which has been in charge of the Catalan gowent from 1980 to 2003, and from 2010
up to date, has shifted from nationalism to Catdlahependentism (Guibernau, M., 2013;
Hopkin, J., 2012; Serrano, |., 2014; La Vanguarngidlications, amongst others). This shift

became more acute after the long awaited decisidheoConstitutional Court about the new

® The clearly pro-independence parties in CatalareaERC (Esquerra Republicana de Catalunya), @aRdidatura d’Unitat
Popular), and the current non-represented Sl (&alad Catalana per la Independéncia).



Statute of Autonomy, which was delivered on July”" 18010. The ruling of the Spanish
Constitutional Court prompted a massive popular itizaibion of protests in Catalonia (Serrano,
l., 2014).

In this context, our main goal is to determine eoners’ red wine preferences for a special
occasion and their changes regarding the neweredorand political scenario. This paper relies

on two surveys that measured consumers’ preferehomsgh a non-forced choice experiment.

Methodologically, this paper contributes to theerdture of the Discrete Choice Modelling
(DCM) using the recently developed Generalised Maihial Logit Model (GMNL) of Fiebig et

al. (2010). The GMNL allows the determination oéf@rence (or taste) and scale heterogeneity.
This is first application, in the literature of fd@nd wine preferences studies to measure the

impact of the economic and political crisis in $par more specifically, in Catalonia.

Consumers’ preferences towards wine

Consumers face certain difficulties and confusimrchioose a wine (Lockshin et al., 2006). The
main difficulty lies in the immense number of cubat are associated with wine: wine can be
differentiated by type (red, white, rosé, sparklitiguored, and others), country and region of
origin, brand name, price, awards, packaging....Heunore, quality and taste, grape variety (or
varieties), vintage and alcohol content, which deéned as intrinsic cues, are also relevant for
consumers Consequently, amongst other factoref &#fle complexities that wine encompasses,
the enormous amount of labels that are availablienmarket, and the perceived formality of
wine have led to the suggestion that the choosfra wine can be intimidating (Lockshin and

Halstead, 2005). Therefore, many consumers peredive as a complex product and are likely
to exhibit some form of risk reduction behaviourridg its purchase (Johnson and Bruwer,
2004).

Wine is an experience product and it cannot besasseuntil the product has actually been
consumed (Mueller et al., 2010, Bruwer et al., 2@khongst others). Because of this, consumers
will rely on extrinsic cues to assess the qualftg vine (Lockshin and Hall, 2003; Lockshin and
Halstead, 2005; Lockshin et al. 2006; Remaud argkdlin, 2009), and will make their decision



based on the information available on the label laoide (which are proxies or indications of

what lies inside the bottle).

However, consumers will only use a small amountlbfthe available information to make a
decision (e.g., Foxall, 1983; Lockshin and Hall020 For this reason, brand names help to
address risk because of providing several produes ¢including quality) (Lockshin and Hall,
2003). Generic types can perform as well as bramdes and they can be built on the region of
origin and/or the grape variety (Lockshin and Hal03; Gluckman, 1990).

The origin of the wine plays a key role in the aamers’ decision-making process: it can become
one indicator of the quality of the wine (GluckmB®90; Skuras and Vakrou 2002). In this line,
some regions of origin have become luxury brandtémselves (Remaud and Lockshin, 2009),
and, decidedly, can add value in the consumers égé and Sanchez, 1997; Quester and Smatrt,
1998; Angulo et al., 2000; Lockshin et al., 2006nmwud and Lockshin, 2009, amongst others).
Price is a very important attribute that affects@vchoice. It can be used as a proxy to infer the
quality of the product, especially when there asenall number of other cues available, when the
product cannot be evaluated before purchase, aed tiere is some degree of risk of making a
wrong choice (Lockshin and Hall, 2003; Mitchell a@deatorex, 1988; 1989). Risk reduction in
wine choice has been an issue of interest in pusviesearch (Michell and Greatorex, 1988;
Johnson and Bruwer, 2004; Schifman and Kanuk, 2B@&yer et al., 2011). In a recent work,
Bruwer and Rawbone-Viljoen (2012) compiled the m#sk reduction strategies (RRS) for wine
choice from the literature. These are summariséube

e Information search from assistants, waiters, wine editorials, tastimgtes, product
packaging, word-of-mouth, family and friends, anginion leaders (Mitchell and
Greatorex, 1988). Information seeking is largelyeatedent on the level of consumer
involvement.

e Brand loyalty Also closely correlated with involvement. Uniforchbuyers possess small
brand repertoires and gravitate toward the safebygger brands that offer consistency in
taste and quality (Lockshin and Spawton, 2001). eAénthusiasts are likely to be more
experimental.

e Store image This becomes more important when looking for espenand infrequently
purchased items (Hisrich et al., 1972).

* Well-known brandsMore likely to be trusted when consumers havexpegence with the
product (Mitchell and Greatorex, 1989).



e Price: Becomes more important when no other informatibout the product is available
(Mitchell and Greatorex, 1989). If the consumercpares a high price to quality
relationship, he/she will buy a more expensive wivith the belief that it will have a
higher quality (Gluckman, 1986).

e Seeking reassurancéirough tastings and information seeking behavidbe very act of
wine tasting should be regardediaformationgathering (Mitchell and Greatorex, 1989).
Batt and Dean (2000) found that prior experienag the most influence on the purchase
of wine.

Methodology
Theoretical foundation of the Discrete Choice Expents

Discrete Choice Experiments (DCE) aim to identihe tindividual’s indirect utility function

associated with attributes of products by examirtiggtrade-offs they make when making choice
decisions. Thus, several alternatives that areritbestby several attributes with varying levels are
presented to respondents in choice sets. The rdspbns then asked to select its preferred
alternative within each choice set, thereby remeghis/her preference for certain attributes and
levels. Subsequently, the relative importance ef dktributes can be indirectly recovered from

respondents’ choices.

DCE rely on Lancaster's Theory of Value (Lancast366) which proposes that utility of a
product is decomposed into separable utilitiegtieir characteristics or attributes. It is alsoduhs
on the Random Utility Theory (RUT) laid out by Tktone (1927). This theory proposes that
subjects choose among alternatives according tolity function with two main components: a

systematic (observable) component and a randomtemra (non-observable):
Uj =Vin (X5, Q) +¢;, 1)

where U, is the utility of alternative] to subjectn, V,, is the systematic component of the
utility, X, is the vector of attributes of alternative, S, is the vector of socio-economic

characteristics of the subjegtand £, is the random term.

The Multinomial Logit Model (MNL)

To predict the subjects’ preferences for attribfji@swe need to define the “probability of choice”

that an individuah chooses the alternativaather than the alternativg (for anyi and j within



choice setsT ). McFadden (1974) developed an econometric mddelformalized respondents’
decision-making process. This model is often refémo as the Multinomial Logit (MNL) model,

which is considered the base model for DCE.

According to MNL model the utility to persanfrom choosing alternativeon choice scenaribis
given by:

Uy =B%*+€4/0, n=L ..,N j=1..J t=1..7T )

Where, X, is aK-vector of observed attributes of alternatjyef is a vector of mean attribute

utilities (utility weights) and&,is the “idiosyncratic” error term that follows ingiendent and

identically distributed (i.i.d.) Type 1 extreme waldistribution with scale parametey,.

The probability(P, | X..) that an individuah will choose alternative] among other alternative of

an array of choice séf is formulated as follows:

ex "
(pj|xm)=Jpﬂ

Zexp(ﬁxnjt )

ojoT 3

In this context, the MNL has an asymmetric hetenegg structure: it may account for
heterogeneous preferences only for the unobsenteduges (by estimating the scale parameter).
When the scale parameter is estimated, the MNL med@med as Scale Heterogeneity model (or

S-MNL), to differentiate it from the “simplified” ML model, in which the scale parametefis

generally normalized to one for identification.

Nevertheless, MNL model imposes homogeneity in guezfces for observed attributes, only
estimating average attributes’ utilities, whichofsen unrealistic as consumers’ preferences are, by
nature, heterogeneous. The analysis of heterogeseaiin important issue, especially for the New
Product Development (NPD), for which estimatingyotile average preferences may lead one to
miss that a product with particular attributes vabbnve great appeal for a subset of the population
(Fiebig,et al, 2010). Thus, the failure in understanding thefgrence heterogeneity may lead to a
failure to optimally target potential adopters dfetnew product. Therefore, the mixed or

heterogeneou®git models (MIXL) have been introduced to invgate such heterogeneity.



The Mixed Logit Model (MIXL)

The Mixed or Heterogeneous Logit models (MIXL) @ala the literature is referred to as Random
Parameter Logit model, RPL) are currently quiteytap They extend the MNL model allowing
for unobserved heterogeneity by introducing randmefficients on attributes (Ben-Akiva et al.,

1997). In MIXL the utility to persom from choosing alternativiein choice set is given by:
Uy =B Xy +&y/0n N=L .. ,Nj=1..3t=1.T (4)

Where, B, = f+n, and where(z7,)is the vector of person specific deviations from the mean

value of theS's. Ther, is described by an underlying continuous distidnufor the attributes

defined by the researcher. In most applicationsntidtivariate normal distribution is the most

used, MVN (0.2). In this caseg , is also assumed to be one for identification.

For the MIXL model, the choice probability is:

exp[(ﬂ-'-,]n )Xn' ]

(P X0 =5 :
2 &XPl(B+17, Xy ]
j=1

0jOT 5)

However, recently Louviere and Mayer (2007), Lowwiet al. (2008) argued that much of the

preference heterogeneity captured by random paessngt MIXL can be better captured by the
scale term; and thus known as “scale heterogeneBgsides, they stated that the normal
distributions of the random attributed in the MIXb not appear to be very close to it, as followed
in almost MIXL applications. The MIXL turns to bié&ély a poor approximation to stated data if

scale heterogeneity is not accounted for (Fieliigl.e2010)

The scale heterogeneity is the variation of thaekegf randomness in the decision-making process
over respondents and, therefore, it can be intexgpras the degree of individuals’ certainty in thei
choices. It is based on the differences of theavae of the error tern{€) across individuals-
decision-makers. In this context, the analysishefg¢cale heterogeneity is important, especially for
the stated preference studies (i.e. based on quoaaire). In this type of studies, consumers may
interpret and process choice tasks and situatidifesrehtly. They may have varying levels of

attention paid to the task they are presented,disas the level of certainty in their choice (Trai



and Weeks, 2005). Thus, it would be expected tiastale of the error term could be greater for

some consumers than for others.
The Generalized Multinomial Logit Model (GMNL)

On the basis of Keane (2006), Fieleigal (2010) developed the Generalized Multinomial ltogi

model (GMNL). Within this approach, the, is no longer set to be one, and a particular

specification of this term is assumed. In this caseltiplying equation (4) through by, Fiebig

et al. (2010) identified that the utility to persofrom choosing alternativieon choice settis given
by:

Unjt :[O_n,B"'Y/]n +(1_Y)0-r(7n]xnjt+£njt (6)

where y is a mixing parameter between 0 and 1; @ndis a scaling factor that proportionately

scales theB’s up or down for each individual

To impose thaty D[O,:I] in the estimation, Fiebig et al., (2010) used gisiic transform
Y :exp(y*)/[1+exp(y* )] and estimatey . Thusy is a mixing parameter, and its value determines
the level of mixing or interaction between the sdatterogeneity coefficien®,, and the parameter

heterogeneity coefficien,, .

Since the scale heterogeneity fact@y represents the person-specific scale of the idicrsyic

error, it should be positive. Fiebig et al. (20p@pposed thav,, follows a log-normal distribution
with mean 1 and standard deviati@n o, LN (1,7?), with the estimated” capturing the scale
heterogeneity across consumers. Thus, to ensigedsitive, Fiebig et al. (2010) an exponential

transformation ofg,, =exp@ +1u, ) where v, ] N(O,1).

Becaused, enters the model as a product @f3 (equation 6), some normalization @y, is
required to identify/3. Fiebig et al. (2010) recommend setting the meaw,pto 1 so [ is the

mean of the utility weights. Because the mean of tbg-normally distributed g, is

10



O, =exp+r1u,) and the E(g,)=exp@ +1%/2), thus to ensureE(g,)=1, we need to set
o=—(r%/2).
Let Y, be ‘1’ if respondenth choose alternativg in choice sett, and ‘0’ otherwise. The

probability that consumer choose alternativein choice set is:

(P|X,)= Jexp([Un,B 1.+ A=) 7,0X ) oo -

> exp(0,B+17,+ =191, 1K )

Finally, it is important to include in our model Afternative Specific constant that measures those
intangible unobserved aspects that are not cotlebtethe attributes that were specified in the
choice tasksHere we can enlarge the explanation of the meabimgwe can do it later in the
results’ discussionGreene and Hensher (2010) proposed three possilaieegies to deal with
ASC:

1. Consider the ASC(,BOJ-) as fixed parameters, assuming homogenous pretefendSCs
across consumers. In this case the equation épeisified as follows:
Uy =(B)) +[a,B+y1, +L=7)07,]X  + €y

2. Consider the ASC as a part of the general spetiditaof the GMNL model (i.e. to
behave like the attributes). Then the utility of thSCs(/f3,;) is scaled and considered to be

random. The ASCs are considered as ffie components. In this case equation (6) is
specified as follows:
Uy =[0.(5; +B) +V(ory +170) + A1) T, (or + 1)1 X e+ €y
It is worth mentioning that Fiebigt al (2010) observed that this may cause estimator to
fail.

3. Consider the ASC only as a random parameter anzk foo special scaling for this
variable. Thus, the scaling paramedglis equal to 1; ang equals 0. In this case, equation
(6) is:

Unjt = (IBOJ +,7(hj ) +[0;1ﬁ+y,7n + (1_Y)0-r/7n]xnjt +£njt

11



where (B,; +1,,) are the heterogeneous intercepts (which do nat beale heterogeneity),

with 3, being the mean vector and thg, being the stochastic component.

The GMNL model is specified by default to considbe /7, as uncorrelated. That means,

constraining the covariance matrix ¢ff, to be a diagonal matrix (a matrix in which all wes

above and to the right of the diagonal are equae). In this case, there are only variances
estimated, and no covariances. However, the GMNL lza specified to allow for correlated
parameters. The presence of multiple observationstated-choice responses for each sampled
individual means that the potential for correlatesponses across observations can be the product
of many sources, including the sequencing of offerloice situations that results in mixtures of
learning and inertia effects, among other possififleences on choice response (Hensher et al.,
2005). Therefore, discrete choice data with repkatkoice situations containing the same
attributes and levels, may have unobserved efighish are correlated among alternatives. One
way to recognize this is to permit correlation ahdom parameters of attributes that are common

across alternatives observation (Hensher et 8520

In the case of correlated random parameters, thefsandom parameters has a full covariance

matrix with estimated variances and covariancesisThvhen we have more than one random
parameter the estimated standard deviatignsare no longer independent, because they are a

result of their attribute-specific standard dewatiand their correlation with the rest of the
attributes. In order to differentiate these stadataviations we follow the Cholesky decomposition
method. This method decouples the contribution dohestandard deviation parameter made
through correlation with other random parametenmeges and the actual contribution made solely
through heterogeneity around the mean of each rammirameter estimate (Hensher et al., 2005).
The correlated parameters GMNL model reports bduh‘tonfounding” standard deviation and its
Cholesky decomposing matrix. The diagonal valughef Cholesky matrix represents the true
standard deviation for each random parameter dreerbss-correlated parameter terms have been
unconfounded. The below—-diagonal elements in Chgledecomposition matrix are the

covariances (cross-correlation) among the randam@npeter estimates.

From the abovementioned aspects of the GMNL maai¢his case study, we used a GMNL model

with correlated random parameteys and considering the AS(;BOJ-) as random parameters (third

12



option). We have come to this decision becauseéhdwed to have the best goodness of fit
compared to other specification in terms of PseRtloAIC and improvement in the Likelihood
functions and for the better interpretation of @stimates. We used the GMXLOGIT procedure in
NLOGIT 5.

Empirical application
Sample

Data were collected from two identical survey perfed in two different times: before and
during the current economic crisis. The surveysuigad 400 and 401 consumers, respectively,
who responded a structured face-to-face questiommaier a 4-week period. We used a quota
sampling procedure stratified by gender, age, asdap districts with proportional allocation to
each stratum. The selection criteria were thataredents should be at least 18 years of age (legal
drinking age), should have purchased a bottle aewiithin the last 3 months, and should be the
main wine purchase decision makers in their houdefithe respondents were recruited in major
supermarkets and in one of the central streethefcity of Barcelona. The fieldwork was
subcontracted to a company specialised in markeéisgarch. Each respondent was given 20€ to
participate in the experiment. The questionnaire metested a total of four times using a pilot
sample of six different consumers each time andempently revised to improve readability and

understanding. A summary of the survey technicaéshis shown in Table 1.

Table 1: Survey technical sheet

2008 2010

Consumers over 18 years who purchase regularlydodcare residents in the metropolitan

Population
P area of Barcelona.

Stratified sample by age and postal districts upitogortional affixation to the number of

Sample Design persons by stratui

Field Metropolitan area of Barcelona

Sample Size 400 401
Confidence interval +4.9 +4,9%
Confidence level 95.5% (k=2) 95.5% (k=2)
Control measure Pilot survey (25 questionnaires)

Date of field work January 2008 October 2010

Attributes and levels

It is of paramount importance a correct identifimatof the main attributes and levels that

consumers consider when purchasing wine. Fromitdrature review we were able to identify a

13



set of major attributes that affect the wine choidewever, some of these attributes had to be
discarded because they would extremely compli¢etadesign of the choice experiment (which

increases exponentially with the number of attesuand levels). Therefore, to reduce the wine
choice complexity, we delimited our wine selectlon focusing on a red wine purchased for a
special occasion, such as Christmas. Specifyingtisasion leads our respondents to think of a
similar context Lockshin and Hall, 2003; Lockshinaé 2006). This is important because wine

consumption can be explicitly related to a speaftaation and to context (Bruwer et al. 2002;

Quester and Smart, 1998; Lockshin and Hall, 2003).

Subsequently, the identified attributes were disedsin a focus group formed by university
lecturers in the field of marketing and represewéstfrom consumers’ associations in Catalonia

to determine the final set of attributes used engtudy.

The wine origin is the factor that interested us thost, and “Catalan wine” was used as an
attribute level. Correspondinglthe other introduced levels were “Spanish wine”jowhimplies
any wine produced in Spain with the exception afsth produced in Catalonia, and, as a third
level, “foreign wine”. The grape variety was alsansidered. Mtimet and Albisu (2006) found
that the consumers chose the only possible Frermfety that was presented (Cabernet
Sauvignon). In our choice experiment, two Frenclrieti@s were introduced (Cabernet
Sauvignon and Merlot), and a typical traditionala@igh variety (Grenache). The aim of
introducing two French varieties was to determirteetiver the consumers’ preferences are for
French wines in general or for the Cabernet Sawviggrape in specificAs it was previously
mentioned, certain strategies of risk reduction ldeely to be exhibit during wine purchase
(Johnson and Bruwer, 2004). Johnson and Bruwer4)2€@ncluded that the main risk reduction
strategies (RRS) used by consumers when purchédmsgigpriced wines are reassurance and
information seekingOur wine was defined as a product to be consumed special occasion
and, therefore, reassurance and information seeakigng be the main RRS. In this sense, wine
characteristics related to risk reduction wereudeld as the third attribute of our experiment. The
levels were the following: a previously known wiree,recommended wine, and a prestigious
wine. Through this last level, we attempted to ascerthm effect of a known brand name

(prestigious) on the other two alternativElis third attribute was denoted “Wine References”.

14



The set of attributes included in our experimententhe following: Wine Origin (Catalonia
(regional), Spain (national), and imported (int¢ior@al)), Wine References (previously
experienced, recommended, and prestigious), Grapety (Cabernet Sauvignon, Grenache, and
Merlot), and Price (€6.00, €10.00, and €14.00). phee levels were chosen based on the fact
that the purchase was meant for a special occasimh as Christmas, and therefore do not

reflect the mean wine market prices in Spain fonvemtional wine

These identified attributes and levels were endblbseall of the participants of the focus group.
A pilot questionnaire was then implemented to chieckconsistency. Following a full factorial

design, a total of 81 hypothetical products wereegated, which resulted in a set of 34x34
(6,561) possible combinations (choice sets). Rmalh orthogonal fractional factorial design was
applied considering all of the main effects of #igributes, which enabled us to reduce the

number of choice sets to nine.

All attributes, including the price, were coded wéffect coding as discrete variables. The base
level of each attribute was as follows: ‘importéof ‘origin’, ‘previously experience’ for ‘Wine
References’, ‘Merlot’ for ‘grape variety’, and ‘@0(low)’ for the ‘price’ attribute. Figure 2

shows one of these choice sets.

In order to avoid the base levels being confoundihl the intercept (no purchase option), we
use effects coding (Bech and Gyrd-Hansen 2003iéncase, the base levels are set equal to the
negative sum of the parameter values of the odweld within an attribute. Consequently, effects

of all levels can be estimated. All models werénested by using 500 Halton draws.

® The prices included in the choice sets were chasgrg information provided from the pilot surveyhish was implemented to
cover the middle 90% of the observed values.
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Figure 2: Example of a choice set

ELECTION #1 Alternative “A” Alternative “B”

Spain

Catalonia . .
(outside Catalonia

Origin (Ay)

Knowledge (A) Personal experienge Recommended

Grape Variety (A) Merlot Cabernet Sauvigngn

Price (A) €6 €10

Considering that “A” and “B” are thonly available products, which product would ychoos*
A B

Would you purchase your chosen product?  Yes No

Results and Discussion

The results of the estimated GMXL models are showmable 2. In general, both models are
statistically significant and exhibited a goodvith highly significant likelihood ratios. If we do
not take into account the changes amongst botregsinconsumers’ preferences are higher for
the local (Catalan) origin of the product, for tir@pe variety Cabernet Sauvignon and, for wines

that have been previously experienced comparedretthmmended and prestigious wines.

The results from the year 2008 (before the econa@msis) show that all the random parameters
are significant, with the exception of the recomnesh level and the grape variety Grenache.
This indicates that the attributes considered ageifgcant determinants of the consumer’s
welfare. The positive (negative) sign of the atités implies a positive (negative) contribution to
the consumers’ utility function. However, the resutom the year 2010 (during the economic
crisis) show that some of the previous significpatameters have turned into non-significant.
One example of this is the Spanish origin of theewiThus, while Spanish wines gather the

highest market share in Catalonia, consumerstyfiir Spanish wines becomes non-significant.
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In this sense, the political changes that have rmeduhrough the period of study might explain
this fact.

Furthermore, the no-choice option turns from negatid positive utility, with a remarkable high
value in the survey of 2010. This greater utility the no choice intercept may explain the shift
of significance that some of the observable atteéblnave undergone. Thus, in 2010, consumers
show a greater preference for not taking the prpdaodicating persistence in the unobserved
attributes.

Another parameter that changes the coefficient §yrirom 2007 to 2010 is the price of 10€,
which turns from negative to positive utilityBecause of the economic crisis, we would expect
an opposite result for this parameter. However,Spanish Agriculture, Food and Environment
Ministry reports an increase on the per capita edjpere for a red quality wine in Catalonia: In
January 2008, the household per capita expenditaseof 0.71€, which increased up to 0.81€ in
October 2010 (dates when the surveys were perfgrifiable 1). Consumers’ expenditure in
January 2010 was even higher (0.85€). This rissvime expenditure occurred in spite of a
general decrease in the expenditure of food preduting the same period of time. This trend
could be explained by the evolution of wine constiompin Catalonia, which tends to diminish

in quantity while not in quality.

7 Several studies have shown how wine can perform\asblen good to a certain extent, i.e., it cacob® more desirable as it
increases in price. Mtimet and Albisu (2006) obedim concave price-utility curve, which indicatesrecrease in the consumers’
utility when the price is increased; however, tki®nly true up to a certain price level. At higlpeices, the consumers’ utility
decreases when the price increases. This confipredous results obtained by Lockshin et al. (2006)o stated that the wine
demand increases as the price increases and desisahe highest price points. However, the paiinthich the demand drops
depends on the different products attributes.
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Table 2: Random parameter estimates and speadiiitsatf the GMXL model. Results for 2008 and 2010.

2008 2010
e |
Spanish 42491 %xx .12845
Catalan 2.20855*** .63037***
Recommended 19417 .02310
Prestigious -.19178* -.07484
Grenache -.10651 -.09077
Cabernet sauvignon 1.14638*** .29827**
Price-10€ -.32333** .35270%***
Price-14€ -.99064*** 17124
No choice -1.18832*** 2.66169***
Log-Likelihood (0) -3,955.00 -3,964.89
LL ratio test 936.57 (0.000) 3,444.13 (0.000)
Pseudo R2 .1184036 4343290
AIC/N 1.971 1.277
Variance parameter tau in scale parameter+) 26744%xx 0.00
Weighting parameter Gamma () .10053** 57052+

Significance levels:*** p<0.01; **p<0.05; * p< 0.10

Results from Table 3 also report consumers’ scatetaste heterogeneity. As it is shown, the
scaling factor tau ), which is the key parameter that captures scalerbgeneity, has turned to
be not significant in 2010 (equal to zero), fromignificant positive value in 2008 (+0.27). As
the parameter tau decreases, the degree of st¢atedeneity decreases as well. This means that,
in 2010, the variation of the degree of randomnesgonsumers’ decisions has decreased
significantly and, thus has the degree of uncetamthe decision-making process. This finding
might show a great impact of socio economic charnigethe environment on consumers’
decision-making towards wine. In this sense, edlecommon circumstances may have had a

homogenising influence.

In addition, the mixing parameter gamrf), which values is in the range within 0 and 1, is
significantly different from zero in both modelshi$ means that taste heterogeneity is partially

conditioned to scale heterogeneity, and it espgdi@ss pronounced in 2010, when the mixing
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parameter gamma takes a higher value (+0.57). Tdsest thay is to 1, the more independent
from each other both unobserved heterogeneitiesTais is in accordance to a value biequal
to zero in 2010. Therefore, in 2010, results do staiwed scale heterogeneity and, thus, it is

independent from taste heterogeneity. Resultssté taeterogeneity are shown on table 3.

Taste heterogeneity when modelling with GMNL withrrelated parameters is expressed by the
standard deviation of the random parameters, andydhe diagonal values of the Cholesky
matrix, as it was explained on the methodologyisecOur results from the survey in 2008 show
that all the identified parameters had a significattribute-specific standard deviation, with the
exception of the level Spanish. In contrast, in @04&ome of the levels’ standard deviation
becomes statistically equal to zero, while the &bawine’s standard deviation turns significant.
Therefore, in spite of showing a not significantityt for the aggregate sample, preferences for

Spanish wines turn to be significantly heterogeseou

Still in regard to the origin of the wine, it is teworthy that Catalan wine’'s standard deviation
turns into zero in 2010. Therefore, the Catalaginriemains significantly positive in regard to

consumer’s utility and, moreover, this quality slsot® be homogeneous across consumers.
Furthermore, scale heterogeneity in 2010 is foumdbé equal to zero and, thus, consumers’

preference towards Catalan wines has become mpeeeap because of its uniformity.

Finally, in 2008, the estimates of the covarian@rim of the random parameters are significant
for some combinations of attributes. One of thetp@scorrelations are the Recommended wine
with the Catalan, the Grenache and the 14€ lev@tsversely, this same levels (Catalan,
Grenache and 14€) are negatively correlated wagmthtchoice option. This might show a certain
positive perception on the mentioned levels whay #re grouped together. On the other hand,
in 2010, none of the combinations show significantariances.
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Table 3: Results from model estimations for consusla¢a with and without information

2008 2010
Spanisl| .0446: .66391***
Catalan .52288** .36832
Recommended AB574*+* .18871
Diagonal values in Cholesky matrix g:iit;%ﬁg .2%%76229 '1?3658;12
Cabernet sauvignt .66986*** .0415¢
Price-10€ .33084** .18157
Price-14€ .38923** .20567
No choice 1.45100*** .4086¢
Catalar— Spanist -.0727¢ -.1268:
Recommende- Spanist -.0179¢ .1314¢
Prestigious — Spanish -.00371 .09543
Grenache Spanist -.0388¢ .1694(
Cabernet sauvignon — Spanish .00764 .00596
1C€ - Spanist .0098¢ -.0106¢
14€ — Spanist -.0120¢ -.0069:
No choice — Spanish .04208 -.27989
Recommende- Catalan .53993’ -.0582(
Prestigious — Catalan -.07075 01461
Grenache Catalan 1.32629*** .2422;
Cabernet sauvignon — Catalan -.03221 .04418
10€ — Catalan -.38823 .03666
14€ — Catalan .2465¢ .18891
No choice — Catalan -1.48334*** -.09863
Prestigious Recommende .0468¢ -.0184:
Grenache — Recommended .34290** .17593
Covariances of Random Parameters Cabernet sauvignc— Recommende -.0513( .0445¢
10€ - Recommende -.20816’ -.0138:
14€ — Recommended .31281* -.07911
No choice- Recommende .3189: -.0090¢
Grenache — Prestigious .04772 -.03254
Cabernet sauvignc— Prestigious -.28140* -.0881:
1C€ — Prestigious .0440° -.0320(
14€ — Prestigious .06336 13117
No choice- Prestigious -.2889¢ -.1341¢
Cabernet sauvignon — Grenache -.20151 -.09951
1C€ - Grenache -.1709¢ -.1520¢
14€ — Grenache .25545 -.28093
No choice — Grenache -1.07160** .20737
10€ — Cabernet sauvignc -.2670¢ .0758¢
14€ — Cabernet sauvignon 27154 -.04879
No choice- Cabernet sauvignc .6756¢ -.0802:
14€ - 10€ .02625 .05031
No choice — 10€ -.86940 .22235
No choice— 14€ -1.56211* -.3269(
Sc-Spanisl .0446: .66391***
Sc-Catalal 1.71303*** A4149(
Sd-Recommended .65423*** .27907
- Sc-Prestigiou .50088*** .32330’
Standard g?;'ﬁgﬁt'i‘jn"sf parameter Sd-Grenache 1.00272%* 57437
Sc-Cabernet sauvignt .90646*** .4203¢
Sd-Price-10€ .73129%* .53750*
Sd-Price-14€ 1.30448*** .75440*
Sc-No choict 3.08245*** 1.83369***

Significance levels: *** p<0.01; **p<0.05; * p< 0QL
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Conclusions

This work is, to our knowledge, the first applicattiin the literature of food and wine preferences
studies to measure the impact of the economic aniticpl crisis in Spain. The empirical
application was conducted in Catalonia (Spainia surveys carried out before and during the
economic crisis, in 2008 and in 2010, with 400 af@l consumers, respectively. The
Generalized Multinomial Logit model (GMNL) was usetb decompose unobserved
heterogeneity into taste heterogeneity and sca&rdgeneity.

From an empirical point of view, consumers’ prefexes are higher for the local (Catalan) origin
of the product, for the grape variety Cabernet 8mon and for wines that have been previously
experienced, compared to recommended and prestigines. The Catalan origin of the wine
shows a significantly positive utility in both seys, which reveals the importance of the
Catalonian identity in the consumer behaviour. Heevein 2010, this quality is homogeneous
across consumers (does not show any unobservaki®geneity).

This finding is in accordance with the politicav@oenment. Furthermore, consumers’ utility for
Spanish wines becomes non-significant in the sunfe®010. This occurs in spite of actually
gathering the highest market share in Catalonigciwsuggests again an influence of the political
changes that have occurred throughout the peristuadi.

From the methodological point of view, the Geneedi Mixed Logit Model has shown to be
appropriated to decouple both unobserved heterdgenerhe GMNL model has provided us
with more information about the source of consufmeeserogeneity. In 2010, the results for the
scale heterogeneity indicate that the degree oéntgiaty in the decision-making process has
decreased significantly. This finding might shograat impact of socio economic changes in the
environment of consumers’ decision-making towardsew In this sense, external common

circumstances may have had a homogenising influence
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