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The importance of extrinsic and intrinsic attributes of wine for purchase decisions is the object of a lively
debate. As a matter of fact, in recent decades, the shift of consumption motivations from nutritional pur-
poses to drinking for pleasure has caused a persistent decrease in the overall demand. However, the
increasing number of product varieties and brands of domestic and imported wine, as well as the
increased diversity in wine styles and prices, make the identification of wine purchase drivers difficult.
This article investigates the importance of product attributes for Italian consumers when choosing wine.
Specifically, a class of statistical models for ordinal data, namely CUB, is taken into consideration. This
type of model allows the comparison and clustering of the rating distributions that consumers express
about wine features and the detection of significant similarities and differences. In addition, this tech-
nique generally helps to relate the subject’s preferences to covariates which typically summarize the
socio-demographic profile, the purchase and consumption behavior.

� 2012 Elsevier Ltd. All rights reserved.
1. Introduction

In recent decades in traditional wine producing countries, the
motivations of wine consumption have been changing moving
from nutritional purposes to the pleasure of drinking. Wine is con-
sumed on special occasions and for socializing both outside and at
home so that consumption behavior has turned into a more occa-
sional drinking. The demand is consequently moving from every-
day to quality products causing a persistent decrease in the
volume of the overall consumption.

Understanding key drivers of wine choice and the underlying
motivations is, therefore, important for wine companies in order
to achieve their alignment with consumer preferences across their
different market segments. But, the increasing number of product
varieties and brands of domestic and imported wine, as well as
the increased diversity in wine styles and prices, make the identi-
fication of purchase drivers difficult. This severely affects the pro-
ducers ability to forecast consumer product preferences in the
wine market.

Such a situation is largely due to the noticeable variability of the
range of features characterizing a specific wine and the different
mix and level of each attribute (Orth et al., 2007). In this regard,
Lockshin and Hall (2003) reviewed over 75 articles concerning
wine choice behavior. They noticed that most investigations exam-
ll rights reserved.
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ined consumer ratings of the following items: taste, type, alcohol
content, age (of wine), color, price, brand, label/package, usability
for purpose, and region of origin. In particular, price, region of ori-
gin and brand seem to be the most influential attributes which are
considered in literature (see, for instance, Verdu Jover et al., 2004).

Moreover, the wine market suffers from information asymme-
try: producers and purchasers have different sets of information
concerning quality. The former ones pursue objective quality (re-
lated to wine production and sensory characteristics) whereas
the latter usually make inferences about quality from extrinsic
cues (which can be judged independently from tasting) and, only
within certain limits and given the accumulated experience and
involvement, from sensory evaluation at the first consumption
(Lockshin and Rhodus, 1993). This makes label information, the de-
sign and other aspects of the bottle very important when choosing
wine (Sáenz-Navajas et al., 2013).

Finally, lifestyle, culture and traditions influence consumption
behavior across countries and, consequently, the relevance that
purchasers give to the various wine characteristics (Goodman
et al., 2007, 2008; Goodman, 2009).

Consumer’s perception about a product is typically studied by
means of survey data: interviewees are requested to judge a list
of attributes or to express their level of agreement about some
statements by using a Likert type scale. They are often requested
to provide information about latent factors driving their purchase
behavior by answering indirect questions. The subsequent analysis
of ordinal data poses, therefore, methodological problems due to
the discrete nature of the random variables describing ratings
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Table 1
Wine attributes.

Grape variety
Region of origin
Protected geographical status
Producer
Wine complexity or taste
Aroma/bouquet
Alcoholic degrees
Color
Drink’s pleasantness
Food-pairing
Wine features described by the label information
Bottle shape
Brand name and label aspect
Quality–price ratio
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and to the specific nature of the judgment process (Agresti, 2010;
Powers and Xie, 2000; Franses and Paap, 2001; Tutz, 2012). Various
approaches have originated in the literature from considering ordi-
nal data either as generated by a latent continuous variable or as an
intrinsically discrete phenomenon. Specifically, several statistical
models, proposed within the Generalized Linear Models (GLM)
framework, estimate cut points in order to transform the unob-
served continuous latent variable into a discrete one.

The present work moves from a different stand. The importance
of wine attributes for Italian consumers is investigated by means of
a probability model based on a mixture distribution, known as
CUB. This class of models still relies on latent variables, but the
knowledge (or estimation) of cut points is not needed. For this rea-
son, for a given ordinal data set, the CUB parametric formulation is
often more parsimonious than GLM. Furthermore, CUB models al-
low the comparison and clustering of the rating distributions that
purchasers express about various items and the detection of signif-
icant similarities and differences.

The article is organized as follows. In Section 2, we describe the
main variables object of investigation and the plan of the survey. In
Section 3, we briefly illustrate the statistical methodology. In par-
ticular, the CUB model is introduced and, then, a clustering tech-
nique for ordinal data based on Kullback–Liebler divergence is
presented. Section 4 discusses the results and main findings. The
final section contains some concluding remarks.
Table 2
Sample features.

Variable Level %

Age (years) 18–24 6.3
25–34 26.2
35–49 38.2
50–64 22.5
P65 6.8

Gender Female 25.1
Male 74.9

Education Compulsory school 10.9
Upper secondary level 45.8
University level 43.2

Settlement size (population) 65000 14.1
5000 � j 30,000 31.2
30,000 � j 200,000 32.3
>200,000 22.4
2. Materials and methods

2.1. The attributes affecting wine choice

Some recent contributions have examined the relevance of var-
ious wine attributes for consumer preferences with reference to
the Italian market (Coppola et al., 2000; Seghieri et al., 2007; Hertz-
berg and Malorgio, 2008; Benfratello et al., 2009; Lai et al., 2008;
Casini et al., 2009; Tempesta et al., 2010).

Wine packaging, especially the label, is crucial to selling wine
since it establishes the identity of the product and gives cues to
purchasers about what they should expect to find inside the bottle.
For this reason, the European Union has special rules concerning
labeling which specify compulsory and optional information. The
regulation aims to harmonize label information among the State
Members in order to help wine buyers make an informed choice
while purchasing and reduce the asymmetry in the market. The
sales designation of the product, the nominal volume, the actual
alcoholic strength by volume, the name of the bottler or importer,
the presence of specified additives are the main compulsory items
which must be shown on the label. Additional information con-
cerns traditional specific terms, the region of origin, the grape vari-
ety, the vintage year, the designation of origin. Moreover, the EU
wine regulation defines two broad categories: wine with and with-
out geographical indication (GI). The former can be further quali-
fied with the protected designation of origin (PDO) and the
protected geographical indication (PGI). These are equivalent to
the Italian denomination DOC/DOCG and IGT, respectively. The lat-
ter can show, under suitable conditions, the harvest year and the
grape variety on the label.

Furthermore that all the packaging cues play a relevant role for
consumers’ decisions since they convey the image of wine which is
strictly related to price and reputation. Charters and Pettigrew
(2007) remark that medium/high involvement drinkers are more
likely to perceive packaging as part of quality. This is also enforced
by the motivation for consumption, the image and status that they
wish to projet to others. Of course, these findings depend heavily
on the oenological traditions and on the culture of the country
where the study is performed.
In order to investigate the key drivers of wine purchase deci-
sions we have considered a list of extrinsic and sensory attributes
(see Table 1).
2.2. The questionnaire and the sample characteristics

The study refers to a sample of 192 subjects who were inter-
viewed during spring 2011. To increase the range of competence
and the level of knowledge about wine, half of the respondents
were randomly selected among visitors to Vitigno Italia and Vini-
taly (2011 edition) during the general admission days. All the re-
cruited interviewees consumed wine and, in addition, were in
charge of the purchases of the product for themselves and their
family.

Each interviewee was asked to rate the importance of a certain
wine attribute in determining his/her purchase decision on a 7
point Likert scale (where 1 denoted ‘‘not important at all’’ and 7
‘‘extremely important’’).

Moreover, in order to understand the level of wine drink
involvement, the respondents were asked to give a self-assessment
of their expertise. As a matter of fact, the accumulated knowledge
about similar products affects the way in which purchasers process
information concerning quality (Beattie, 1992). Consumers, who
usually inform themselves about wine characteristics, tend to uti-
lize more information in their selection and develop an intense
bond with the product (Perrouty et al., 2006; D’Hauteville and Per-
routy, 2005; Lockshin et al., 2006). Finally, the socio-economic sta-
tus and the purchase or consumption behavior were surveyed.

Table 2 illustrates the main variables characterizing the sample.
It includes mostly men with a generally high level of education
(only 10.9% have exclusively completed the compulsory education)
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who prevailingly live in small or medium size towns. About 65% of
the respondents are between 25 and 49 years old. Most intervie-
wees are office workers and about 10% of them are employed in
a specialized business which involves food or beverages (catering,
restaurants, food shops, etc.). Moreover, in purchase situations
more than half of the sample recognizes the following information
sources as a trustworthy support for decision making: advice of
friends, specialized books or magazines, suggestions of a restaura-
teur or a shopkeeper. TV programs are instead seen by most of the
interviewees as unreliable sources (only 8% of the respondents rely
on it) whereas internet seems to be an interesting communication
medium by 26% of respondents. Finally, on average, they spend 5.1
Euros on a 750 ml bottle of wine for their daily meals.

3. A statistical model for ratings

In order to describe wine attribute ratings, we consider a statis-
tical model based on a mixture distribution (CUB) which was intro-
duced by Piccolo (2003) to represent ordinal data. The approach
was investigated for modeling judgments or evaluations that
groups of respondents express on a given item and is applicable
to both ratings and rankings as discussed by D’Elia and Piccolo
(2005). In this regard, numerous empirical studies proved the effi-
cacy of CUB models in representing survey data and interesting re-
sults were achieved in various fields such as linguistics (Balirano
and Corduas, 2008), medicine (D’Elia, 2008), psycho-sociology
(Iannario and Piccolo, 2010), and food marketing (Piccolo and
D’Elia, 2008; Cicia et al., 2010).

CUB model originated by a simplified outline of the psycholog-
ical mechanism which leads a rater to give an assessment of a cer-
tain item. In particular, the final judgment is seen as the result of
two acting forces: the selectiveness/feeling, or in other words, the
intimate attitude that the subject has towards the object under
judgment, and the uncertainty due to the fact that the rater has
to convey his personal belief about such object into a single grade
of a given scale of measurement (either quantitative or qualita-
tive). The combined action of these two components produces
the final score. Thus the generating process leading to the respon-
dent judgment is described by a random variable Y characterized
by a mixture distribution which linearly combines a shifted Bino-
mial and a Uniform distribution.

Specifically, the random variable Y is such that:

PðY ¼ yÞ ¼ p
m� 1
y� 1

� �
ð1� nÞy�1nm�y þ ð1� pÞ 1

m
; y ¼ 1;2; . . . ;m

ð1Þ

where p 2 (0,1], n 2 [0,1], and m > 3 is the number of modalities
available for evaluating an item. The parameter space is given:

Xðp; nÞ ¼ fðp; nÞ;0 < p 6 1;0 6 n 6 1g: ð2Þ

The parameter p determines the role of uncertainty in the final
judgment: the lower the weight (1 � p) the smaller the contribu-
tion of the Uniform distribution in the mixture. The parameter n
characterizes the shifted Binomial distribution and (1 � n) denotes
the strength of the positive/negative feeling that the rater has to-
wards the object under evaluation. The meaning of this parameter
is, therefore, tightly connected to the specific empirical context
which the CUB model is referred to. As a matter of fact, in the case
study that we are investigating, (1 � n) will represent the degree of
importance that raters attach to a given item when they are med-
itating about wine features in order to finalize their purchase
decision.

Computational issues were solved by Piccolo (2006) who pro-
vided an efficient algorithm for the maximum likelihood estima-
tion of CUB models. Further extension and properties have been
illustrated by Corduas et al. (2009), Bonnini et al. (2011), Iannario
and Piccolo (2012). In particular, Iannario (2010, 2012) showed
that such a model is statistically identifiable and improved its for-
mulation to include shelter choices.

The CUB model is rather flexible since it allows for distributions
with very different shapes. For a given p 2 (0,1], the peakedness in-
creases as n approaches the borders of the parameter space
whereas the distribution is symmetric for n = 0.5, negatively
skewed when n < 0.5 and positively skewed when n > 0.5. These
statistical properties justify the use of the graphical representation
of estimated CUB parameters within the unit square for the inter-
pretation of the results from empirical analyzes as we will see in
the next section.

Our interest in this type of model is motivated by two consider-
ations. Firstly, estimated CUB distributions can be compared and
clustered (Corduas, 2011): this allows the identification of signifi-
cant similarities and differences in the overall judgments ex-
pressed by raters on various attributes. Secondly, the model can
account for the influence of covariates characterizing either the ob-
ject of evaluation or the rater (Piccolo and D’Elia, 2008). This aspect
is useful for investigating the dependence of the rating distribution
from consumers’ profile. In the following we briefly illustrate these
two issues.

3.1. Clustering CUB models

A strategy for comparing the estimated CUB distributions,
describing the opinions of respondents about k items, needs the
definition of a dissimilarity measure and the selection of an appro-
priate clustering technique.

It is worth noticing that classical clustering is aimed at grouping
subjects with respect to measurements over a set of variables. Our
focus, instead, is on assimilating rating distributions which have a
similar overall shape since this helps to discriminate among the
preferences of consumers about a product’s features. As we will
see in the following section, the interpretation of the resulting
clusters is strengthened by considerations on the two unobserved
components of the CUB models, the uncertainty and the feeling to-
wards the characteristic under judgment.

In particular, the Kullback–Liebler (KL) divergence is a measure
of dissimilarity between two probability distributions characteriz-
ing a random variable Y under two different hypotheses (Kullback,
1957). Thus, it can be used for comparing the mixture distribution
specified by various CUB models (Corduas, 2011). In addition, a re-
sult derived from Kupperman (1957) gives the asymptotic distri-
bution of the KL divergence under suitable assumptions, and
allows testing the hypothesis that two populations are described
by the same probability distribution.

For this aim, consider two discrete populations each character-
ized by a probability distribution function having the same func-
tional form p(y, hi) with unspecified vector parameters hi, i = 1, 2.
Also, assume that: p(y,hi) > 0 for y = 1, . . .,m.

In our case, the probability distributions which are object of
comparison are CUB distributions, each characterized by h =
(p,n)0, and therefore, in order to ensure the latter assumption
we will restrict the parameter space so that p 2 (0,1) and
n 2 (0,1).

Suppose that we have two samples of n1 and n2 observations
randomly drawn from the specified i-th population, i = 1, 2, and
we wish to decide whether they were in fact generated from the
same population. In order to test the hypothesis H0: h1 = h2 the
KL divergence statistic is defined:

bJ ¼ n1n2

n1 þ n2

X
y

ðpðy; h1Þ � pðy; h2ÞÞ ln
pðy; h1Þ
pðy; h2Þ

" #
h1¼ĥ1 ;h2¼ĥ2

; ð3Þ



Fig. 1. Estimated CUB models.
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where the vector parameters h1 and h2 have been replaced by the
maximum likelihood estimators. Then it can be shown that under
the null hypothesis bJ is asymptotically distributed as a v2

g random
variable when the null hypothesis is true, being g the dimension of
the vector parameter (Kullback, 1957). In the case we compare CUB
distributions, the 100a% critical region is simply given by bJ > v2

2.
In conclusion, the procedure can be implemented as follows:

– The CUB model is fitted to each observed rating distribution.
– The (k,k) matrix of KL divergences among fitted CUB models is

evaluated.
– The above mentioned test of hypotheses is performed for each

couple of CUB models at a selected significance level. The
results of testing is summarized into a binary matrix where
the (i, j) element is 1 if the homogeneity hypothesis is not
rejected and 0 otherwise.

Clusters are then identified by means of the Bond Energy Algo-
rithm (BEA, developed by McCormick et al., 1972) which helps to
rearrange rows and columns of the binary matrix into a diagonal
block form (Tran-Luu and DeClaris, 1997; Corduas, 2008).

In general, this procedure operates on an M � N matrix A of
nonnegative entries and changes the arrangement of the rows
and columns of A in order to maximize the expression:

ME ¼
XM

j¼1

XN

k¼1

aj;k½aj;k�1 þ aj;kþ1 þ aj�1;k þ ajþ1;k�; ð4Þ

where the maximization is over all N!M! possible arrays that can be
obtained from permuting A (with the convention that a0,k = -
aM+1,k = aj,0 = aj,N+1 = 0). The idea is that large values will be drawn
to other large values (and vice versa small values to other small val-
ues) so as to increase the overall sum of the products. Since the ma-
trix of KL divergences is symmetric this algorithm can be further
simplified.

Well separated unit diagonal blocks in the rearranged matrix
will denote well defined clusters whereas elongated clusters will
be associated to unit blocks containing very few zero values. The
method is quite flexible since it does not impose any general rule
for clustering detection. Moreover, it moves the clustering ap-
proach into an inferential framework since the identification of
groups and isolated elements is determined according to the re-
sults of testing the homogeneity hypothesis. Finally, the proposed
approach is very effective since it provides a graphical display of
similar rating distributions and overcomes the common shortcom-
ings that the use of descriptive statistical indices causes when ap-
plied to ordinal data.

3.2. The effect of respondent features

The parameters of a CUB model, that is both the subject’s feeling
and uncertainty, can be related to respondent features. The general
formulation introduces p covariates in order to explain the uncer-
tainty and q covariates for modeling the feeling. Assuming that n
subjects are interviewed, the model (1) is extended as follows:

PrðY ¼ yjxi; wiÞ ¼ pi
m� 1
y� 1

� �
nm�y

i ð1� niÞy�1 þ ð1� piÞ
1
m

� �
;

y ¼ 1;2; . . . ;m;

ð5Þ

with:

pi ¼
1

1þ e�xib
; ni ¼

1
1þ e�wic

; i ¼ 1;2; . . . ;n;

where xi = (1,xi1, . . .,xip)0 and wi = (1,wi1, . . .,wiq)0 are the subject’s
covariates for explaining pi e ni, respectively.
Notice that the set of covariates affecting one parameter might
(partially or fully) overlap with the set of covariates affecting the
other. Moreover, differently from the GLM approach (Agresti,
2010), CUB models establish a direct connection between the prob-
ability of a specific rating and the subject’s features. As a matter of
fact, in theory a given mean value can be generated by an infinite
combination of parameter values since EðYÞ ¼ pðm� 1Þ 1

2� n
� �

þ
ðmþ1Þ

2 . For this reason, it seems more sensible to rely on a direct rela-
tionship which links the probability distribution to a set of covar-
iates characterizing the respondents instead of working with
average values. In this way, the uncertainty and the strength of
the feeling, that interviewees have towards the object under judg-
ment, can be interpreted in terms of the subject’s characteristics.
4. Models without covariates

First, we illustrate the results from fitting a CUB model to the
rating distribution of each attribute. Fig. 1 displays the coefficients
of the estimated CUB models in the parameter space (unit square)
where, in order to facilitate the interpretation, the degree of uncer-
tainty, (1 � p), is shown on the horizontal axis, and the degree of
importance, (1 � n), on the vertical axis.

Consumers have a clear and precise opinion (low uncertainty)
about the importance that they give to the wine complexity and
taste, the aroma/bouquet, the quality–price ratio, the region of ori-
gin and the food-pairing. The estimated models of these items are
located in the extreme left part of the unit square (1 � p < 0.5). The
uncertainty that is attached to the ratings of the other cues, in-
stead, increases as far as the location of the corresponding model
moves along the horizontal axis. Specifically, this factor affects
the judgments about the wine producer, the elements of packaging
and the presence of a certification of origin (1 � p > 0.5).

With reference to the degree of importance of attributes for
determining the purchase decision, the items appear to be well
separated: the brand name and label appearance as well as the bot-
tle shape are considered rather unimportant (1 � n is rather small)
with respect to the remaining ones whose rating distributions are
dominated by medium–high scores, being (1 � n) > 0.5. As far as
we move from the ‘‘producer’’ to the ‘‘protected geographical sta-
tus’’ along the y-axis, each attribute receives greater consideration
for purchase decision.
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Further insights into the problem can be gained by clustering
the estimated CUB distributions. As described in Section 3.1, firstly,
the homogeneity hypothesis concerning any two CUB distributions
is assessed by means of the KL divergence. Secondly, the clustering
algorithm is applied to the binary matrix originated from the
acceptance/rejection of the homogeneity test.

The considered wine characteristics are then classified in 5
groups (Fig. 2):

� G1 ? food-pairing, aroma/bouquet, wine complexity and taste,
quality/price ratio
� G2 ? grape variety, region of origin
� G3 ? producer, wine features in label information, alcoholic

degree, color, drink’s pleasantness
� G4 ? bottle shape, brand name and label appearance
� G5 ? protected geographical status

The graphs capture the different emphasis that consumers put
on the various items moving from the most influential attributes
(G1) to the least (G4).

Specifically, the cluster G1 gathers the price and a mix of sen-
sory features that represent the elements with which the consum-
ers are mostly concerned. This results is in accordance with other
studies which, in fact, indicate taste as one of the major perceived
risks when choosing a wine, and price as one of the most recog-
nized signal for quality when few other cues are available and
when the perceived risk of making a wrong choice is high (see
for instance, amongst others, Mitchell and Greatorex, 1988, 1989;
Speed, 1998). In this regard, in the case of Italian high quality
wines, Coppola et al. (2000), Benfratello et al. (2009) investigated
the relationship between prices and better quality or reputation.
Corain et al. (2009) instead considered the application of nonlinear
models to price decisions in the framework of rating-based product
preference models, and finally, Brentari et al. (2011), Brentari and
Zuccolotto (2011), Iannario et al. (2012) discussed the importance
of label, chemical and sensory characteristics for price formation
and marketing decisions.

The cluster G2 collects the variables that design a widely acces-
sible concept of wine reputation. The grape variety is usually re-
lated to sensory differences between wines that can be widely
appreciated even if in a rough way. Similarly, the region of origin,
being strictly tied to grape varieties, tends to reinforce the con-
sumer expectations about wine quality.
Fig. 2. Clustered CUB models (by
Furthermore, the cluster G3 refers to aspects of packaging which
are considered the least important attributes. In this regard, the
brand is judged a rather unimportant cue, and this seems the effect
of the large number of brands due to the remarkable fragmentation
of the Italian wine industry which accounts for about 6000 firms (as
estimated by Malorgio et al. (2011)). Italian purchasers, therefore,
have not a clear understanding of branding in the wine market
and tend to rely more on grape variety and region of origin.

Finally, the protected geographical status appears isolated with
respect to all the other cues because of the great uncertainty that
the raters express. This may be due to the fact that in Italy, differ-
ently from other countries, the protected status is expressed by
few designations (DOC, DOCG and IGT). Although these appella-
tives guarantee some important production aspects, they do not
provide Italian purchasers with sure signals of sensory quality. In-
deed the quality of wines can vary noticeably within those catego-
ries. This condition is typical of Italian regulation. Despite the
progressive harmonization of the different wine appellations pro-
moted by the European Union, the traditional French classification,
for instance, implies a more refined scale of evaluation which may
help to better discriminate wine quality.

A further aspect contributes to the increasing of consumers’
uncertainty when they have to select a wine for purchasing: the
number of Italian wines which have been granted of a designation
of origin is rather large (at the end of 2011, there were 330 wines
labeled with the DOC designation, 73 with the DOCG and 118 with
IGT).

Nevertheless, the certification is recognized by consumers as a
valuable cue to wine purchasing as enhanced by the negative
asymmetry of the CUB distribution. It ensures the wine regional
characteristics and the continuity of local viticultural and oenolog-
ical practices and, in theory, it indicates the highest quality. This is
also true for the Italian market where the reduction of consump-
tion in terms of quantity goes together with the increase in terms
of value, confirming the general tendency to reallocate wine con-
sumption in favor of high quality products (Romano, 2012; Lai
et al., 2008). In 2011, DOC and DOCG wines accounted for about
37% of the total production whereas IGT wines reached 33%.

Finally, looking at the estimated CUB distributions (Fig. 2) we
notice that as far as the overall believed importance of the attri-
butes increases the uncertainty in the responses decreases. This
produces a sort of ranking among the considered items which re-
flects the perceived risk in using a certain cue for wine selection.
rows: G1, G2, G3, G4, G5).



Table 4
CUB models for the importance of the grape variety.

CUB Model Parameter estimates (s.e.) Log-likelihood

Without covariates p̂ ¼ 0:763ð0:063Þ l00 = �320.95

n̂ ¼ 0:205ð0:018Þ

With covariates p̂ ¼ 0:837ð0:053Þ l01 = �303.46cc0 ¼ �1:060ð0:453Þcc1 ¼ 1:051ð0:380Þcc2 ¼ �1:311ð0:270Þ

Fig. 3. CUB model for the degree of importance of the grape variety with the level of
expertise as a covariate: low = solid line; medium = dashed line; high = dashed line
and dots.
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5. Models with covariates

The consumer profile influences the expressed ratings. This ef-
fect has been investigated introducing one of the following covar-
iates in the CUB model describing the degree of importance: the
consumption occasions, the place of purchase and the self-assessed
measure of competence.

Specifically, the CUB model (5) was fitted to the rating distribu-
tion of each wine attribute, having selected p = 0 and q = 1 (or 2).
Moreover, the covariates are simply given by binary variables (rep-
resenting a peculiar characteristic or behavior of the rater) which
affect the parameter n (or in other words the degree of importance
measured by 1 � n).

In Table 3, we anticipate the significant relationships enhanced
by the estimated CUB models which will be discussed in details in
the following sections.

5.1. The effect of the expertise

As mentioned above, the accumulated experience and knowl-
edge help consumers to distinguish relevant product features. For
instance, Hollebeek et al. (2007) discussed the influence of involve-
ment on the importance that some cues, such as the region of ori-
gin, have on the purchase intention of new world wines.

In our survey, interviewees were requested to give a self-assess-
ment of their expertise about wines over a 7 point scale (1 = not
expert at all; 7 = extremely expert). The responses were then orga-
nized in a 3 level variable: low (score below 3); medium (score be-
tween 3 and 5) and high expertise (score above 5). The resulting
categorization was coded by means of two binary variables:

w1i ¼
1; if the self � assessed score is less than 6;

0; otherwise;

�
and

w2i ¼
1; if the self � assessed score is greater than 2;

0; otherwise:

�
First, we illustrate the results obtained for the degree of impor-

tance of grape variety on consumer choices.
Table 4 summarizes the estimated CUB models (in parentheses

the standard errors are given). Having considered the expertise as a
covariate which influences the parameter n leads to a sensible
improvement of the goodness of fit with respect to the model with-
out covariate. The asymptotic likelihood ratio test: �2(l00 � l01) =
34.98 is highly significant if compared with the 5% critical value
v2

1 ¼ 3:84.
Fig. 3 clearly shows that, depending on their level of accumu-

lated knowledge, consumers express very different ratings. Notice
that despite the CUB random variable is discrete, the estimated
probability distribution are represented by means of a solid line
for facilitating reading. The rating distribution locates towards
Table 3
The effect of some covariates on the importance of wine attributes.

Covariate Item

Expertise level Grape variety, region of origin, producer, wine complexity
and taste, quality/price ratio alcoholic degree, aroma/
bouquet, color

Consumption
frequency

Drink’s pleasantness

Consumption
occasion

Color, grape variety, region of origin, geographical
protected status, bottle shape, brand name and label
aspect, quality/price ratio

Place of
purchase

Aroma/bouquet, wine complexity and taste, qual/price
ratio, region of origin, grape variety
lower scores when the expertise is low whereas it moves gradually
towards medium scores or high evaluations as far as the compe-
tence increases.

These findings are consistent with other studies in literature.
Grape variety is strongly related to sensory differences among
wines, thus it represents one of the most relevant cues that expe-
rienced consumers are able to recognize. As a matter of fact, these
consumers usually show a closer bound with the products, look for
more information about wine and tend to frequent specialized
wine stores or wineries (see, for instance, Mueller and Szolnoki,
2010).

The estimated average scores vary from 4.02 (for the lower le-
vel), to 5.45 (for the middle level) and 6.08 (for the upper level).
These values are very close to the observed means which are
4.00, 5.49 and 6.19, respectively.

This result highlights the possibility of improving marketing
strategies in order to add strength to minor local grape cultivars
which show strong links, both historical and socioeconomic, as
well as ecological and biological, with local territories but whose
viticultural and oenological potential is nowadays underestimated.
These types of grapes may constitute one of the future opportuni-
ties for wine industries which could specifically address them to
more experienced costumers. In the same line, it is worth mention-
ing the recent success of varietal wines that, according to new EU
regulation about labeling, indicate the grape variety on their labels
though they are table wines which are not entitled to any certifica-
tion. This category again could more profitably benefit from spe-
cific marketing actions in order to attract more informed
purchasers.

Similar results are obtained for other wine attributes: the region
of origin, the wine color, the aroma/bouquet and the wine com-
plexity and taste. Table 5 shows the estimated model coefficients



Table 5
CUB models (3 level of expertise: L = low, M = medium, H = high).

Variable p̂ ĉ0 ĉ1 ĉ2 n̂L n̂M n̂H E(YL) E(YM) E(YH)

Grape variety 0.838 �1.066 1.051 �1.311 0.496 0.210 0.085 4.019 5.459 6.087
(0.053) (0.454) (0.381) (0.270)

Region of origin 0.856 �1.156 0.729 �0.660 0.395 0.252 0.140 4.540 5.273 5.850
(0.054) (0.401) (0.292) (0.293)

Wine color 0.756 �0.953 1.253 �1.220 0.574 0.285 0.102 3.663 4.976 5.804
(0.072) (0.688) (0.645) (0.270)

Aroma/bouquet 0.956 �1.657 1.127 �0.826 0.370 0.205 0.077 4.743 5.692 6.425
(0.029) (0.415) (0.358) (0.226)

Wine complexity and taste 0.967 �1.447 0.643 �0.781 0.309 0.170 0.097 5.108 5.915 6.337
(0.029) (0.394) (0.341) (0.220)
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(the standard errors are given in parenthesis), and the expected
values implied by the CUB models.

The graphs of the corresponding distributions clearly depict the
role of the accumulated knowledge in determining the relevance of
the various cues for consumer wine choice (Fig. 4).

Finally, although they are not as informative as the whole prob-
ability distributions, the expected value of the estimated CUB dis-
tributions are displayed in Fig. 5. They increase as far as the
consumers increase their expertise. The largest difference on aver-
age is obtained for the importance of wine color and the grape vari-
ety which gain more than 2 points moving from the lower to the
upper group of consumers.

It is worth noticing that the rating of the importance of the
remaining characteristics either do not depend on the expertise le-
vel or the dependency enhances only two levels of competence
(medium–low vs. high level competence). This is the case of the
importance that consumers give to the producer, the alcoholic de-
grees and the price/quality ratio which although positively rated
are more appreciated by sophisticate consumers (see Table 6).

The level of accumulated knowledge does not lead to a marked
difference between the judgments about price (see Fig. 6). Price has
in fact a double role, being an indicator of quality but also a con-
straint which purchasers have to consider when budgeting their
Fig. 4. Estimated CUB distribution for the degree of importance of: region of origin, wine
(low = solid line; medium = dashed line; high = dashed line and dots).
expenses. The differences between the two estimated rating distri-
butions are mostly due to the considerably high probability that an
expert consumer select the largest score available to measure the
importance in determining his/her choice.

Amongst the features whose ratings do not depend on con-
sumer competence about wine we find all the packaging elements,
the food pairing and the drink’s pleasantness. Moreover, the same
consideration applies to the certification of origin which is an
objective cue and then it does not require a special knowledge to
be recognized.

5.2. The effect of the consumption occasion and frequency

The situation where the consumer intends to drink wine
influences his/her preferences and may modify his/her perception
of a given attribute. Price importance, for instance, according to
Hall and Lockshin (2000), is affected by the consumption occa-
sions: high price corresponds to social situations when one needs
to impress guests, whereas low price are more connected to per-
sonal relaxation in private. In a recent contribution, Melo et al.
(2010) presented an interesting study of the dependency of wine
choice from attitudes (towards the product or with reference to
consumer lifestyle) as well as situational factors. Furthermore,
color, bouquet, wine complexity and taste, with the 3-level expertise as a covariate



Fig. 5. Expected values from CUB models (low expertise = square; medium
expertise = circle; high expertise = triangle).
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Martínez-Carrasco et al. (2006) applied conjoint analysis in order
to determine the relative importance of the designation of origin,
type and price of Spanish wines considering the influence of pur-
chase place and consumption frequency. Seghieri et al. (2007) dis-
Table 6
CUB models (2 level of expertise: LM = low-medium, H = high).

Variable p̂ ĉ0 ĉ1

Producer 0.579 �1.571 1.465
(0.080) (0.372) (0.391)

Alcoholic degrees 0.591 �1.565 0.900
(0.079) (0.353) (0.373)

Price/quality ratio 0.953 �2.060 0.633
(0.029) (0.306) (0.316)

Fig. 6. Estimated CUB distribution for the degree of importance of: producer, alcoh
medium = solid line, high = dotted line).
cussed the Italian case and examined preferences, purchasing
criteria and consumption behavior in order to segment the wine
market.

Although in our survey the respondents were asked to select
their prevalent occasion of consumption among a list of possibili-
ties, in the modeling step we have reorganized the data by consid-
ering a simple binary covariate which labels wine consumption
during daily meals against other special or formal occasions (re-
lated to business dinner, celebrations, etc.):

wi¼
1; if the prevalent occasions of consumption are daily meals;

0; otherwise:

�
Such a covariate significantly affects the ratings about some

attributes as illustrated in Table 7.
According to the estimated CUB models, the rating distributions

in Fig. 7 show that the two groups of consumers agree on the over-
all judgments that they give for each item: packaging is rather
unimportant for purchase decisions. However, there are significant
differences in the probability of selecting certain ratings both in
terms of uncertainty and selectiveness. Specifically, the everyday
wine consumers give, on average, a judgment about the typical ele-
ments of packaging (bottle shape, brand name and label aspect)
which is much less negative than the other group which, instead,
seems more influenced by objective factors: grape variety, region
of origin, protected geographical status, and wine color. As seen be-
fore, the uncertainty is larger when consumers have to rate the
n̂LM n̂H E(YLM) E(YH)

0.474 0.172 4.153 5.143

0.340 0.173 4.582 5.048

0.194 0.113 5.747 6.286

olic degrees, price quality ratio, with the 2-level expertise as a covariate (low-



Table 7
CUB models (consumption occasion: D = daily meals, O = other occasions).

Variable p̂ ĉ0 ĉ1 n̂D n̂O E(YD) E(YO)

Grape variety 0.764 �1.160 �0.448 0.239 0.167 5.198 5.528
(0.060) (0.137) (0.213)

Region of origin 0.845 �0.883 �0.473 0.293 0.205 5.051 5.496
(0.055) (0.121) (0.173)

Protected geographical status 0.445 �1.265 �1.106 0.220 0.085 4.748 5.108
(0.069) (0.263) (0.432)

Bottle shape 0.532 1.395 1.289 0.801 0.936 3.038 2.607
(0.068) (0.229) (0.456)

Brand name and label aspect 0.402 0.736 1.432 0.676 0.897 3.575 3.041
(0.080) (0.326) (0.532)

Wine color 0.692 �0.681 �0.483 0.336 0.238 4.681 5.088
(0.078) (0.149) (0.221)

Fig. 7. Estimated CUB distribution for the degree of importance of: grape variety, region of origin, protected geographical status, bottle shape, brand name and label aspect,
wine color, with drinking occasion as a covariate (dotted line = daily meals, solid line = other occasions).
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packaging elements and the designation of origin. Moreover, the
expected values of the estimated CUB distributions (see Table 7)
differ in around half a point.

Finally, we considered consumption frequency and as before a
binary variable was generated as follows:

wi ¼
1; daily=once or more per week;

0; otherwise:

�
This covariate significantly affects the importance that consum-

ers give to the drink’s pleasantness (see Table 8). In this respect, it
is worth noting that this term does not refer to the complexity or
flavor of wines, but it is, instead, referred to the fact that some
Table 8
CUB model for the drink’s pleasantness (consumption frequency: D = daily/once or more p

Variable p̂ ĉ0 ĉ1

Drink’s pleasantness 0.669 �1.284 0.756
(0.077) (0.284) (0.302)
wines are balanced and easy to drink. The CUB model enhances
that this attribute is more important for sporadic or occasional
consumers. As a matter of fact, this category tends to drink wine
in restaurants on special family or formal situations and thus they
are more sensitive to balanced wines which are widely appreciated
(Fig. 8).

5.3. The effect of the purchase place

Finally, the place where purchases are prevalently carried out is
another covariate that has been considered in this study. In recent
years, modern distribution has assumed a growing importance
er week, O = once or more per month/less frequently).

cnD n̂O E(YD) E(YO)

0.371 0.217 4.517 5.137



Fig. 8. Estimated CUB distribution for the drink’s pleasantness with the consump-
tion frequency as a covariate (dotted line = daily/once or more per week, solid
line = less frequent use).
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among wine selling channels. The 2011 survey by Mediobanca on
the first 107 wine firms, representing about 54% of the national
2010 production, enhanced that modern distribution absorbs about
46% of the production whereas the specialized shops account only
for 9.2% of it and the direct sales reach about 8% (Mediobanca, 2012).

In the following we will concentrate our attention on the differ-
ent purchase behavior determined by the juxtaposition of anony-
mous distribution channels with other shopping places which
require more direct consumer involvement.

The CUB model for each wine attribute was therefore estimated
by introducing a binary covariate in order to select purchases done
at wine shops, wine-growers cooperatives or at the producer site
against those done at local food shops or supermarkets.

Table 9 shows the estimation results for those models where
the presence of such a covariate resulted significant. Specifically,
this concerns some cues which appear to design the essential trait
of wines the grape variety, the region of origin, the wine complex-
ity and taste.

Consumers, generally shopping at food shops or supermarkets,
tend to give to those features a lower importance than that ex-
pressed by the other group of purchasers as shown by the fact that
(1 � nS) < (1 � nO). The estimated CUB distributions show higher
probabilities that the former group select lower rates (Fig. 9). In
terms of the estimated averages (Table 9), the difference between
the two distributions is larger when considering the ratings of the
grape variety (about 1 point). The other attributes, in fact, account
for about half a point difference.

6. Final remarks

The Italian wine market has a rather complex structure both on
the production and the demand side. The wine industry is in fact
very fragmented and a large number of small firms which are
Table 9
CUB models (place of purchase: S = supermarkets and local food shops, O = wine shops, w

Variable p̂ ĉ0 ĉ1

Grape variety 0.826 �1.595 1.0
(0.057) (0.129) (0.2

Region of origin 0.830 �1.299 0.5
(0.055) (0.112) (0.1

Aroma/bouquet 0.941 �1.483 0.4
(0.034) (0.096) (0.1

Wine complexity and taste 0.958 �1.720 0.6
(0.033) (0.112) (0.1
strongly connected to regional and local oenological practices are
present. In addition, the process which molds consumers’ prefer-
ences is evolving according to new life styles, and marketing ac-
tions of wine producers seem to have a rather limited efficacy.

The methodology illustrated in this article is useful to add fur-
ther insights into the study of consumer perception of wine. In this
respect, CUB models represent an effective statistical tool which
helps to identify the role of two latent components: the uncertainty
of respondents in rating wine attributes and the strength of attrac-
tion each attribute arouses. Besides the combined application of a
clustering technique, based on KL divergence, provides an interest-
ing approach for grouping items that are rated similarly. This al-
lows the discrimination of cues which consumers retain
important (unimportant), with a strong and definite awareness of
their degree of relevance, with respect to others which again
may be judged substantial (or worthless) but with a large
uncertainty.

Our analysis enhanced that the former group includes consoli-
dated elements of wine industries strategies, such as price, grape
variety and region of origin, but also some fundamental expected
sensory elements (aroma/bouquet, taste, complexity and food-
pairing). The latter group, namely the protected geographical sta-
tus, producer and label information, consists of characteristics that
have to be reinforced. These features could be the object of various
types of actions, for instance, in order to improve contents and tar-
get of communications concerning the product, to strengthen the
level of awareness of potential purchasers, to make the quality of
certified wines less variable and more adequate to an established
standard.

Moreover, the analysis has shown that, in accordance with
other contributions in literature, the grape variety and region of
origin are relevant signals that Italian consumers can easily recog-
nize and trust. These are more important than the producer or the
wine name (which, in particular, is lowly appreciated). This casts
some questions about the use of creative names which is nowadays
not only addressed to more innovative wines but also to long his-
tory grapes.

The CUB model allows the estimation of the weight that uncer-
tainty assumes in determining the probability that a consumer se-
lects a certain rate when evaluating a given wine attribute. This
weight is surely related to the system of preferences that he/she
has but it may also depends on the twofold role that some wine
features have. This is the case of the alcohol content whose impor-
tance attains to taste and complexity, but also to the search for
conditions of lightness and pleasantness.

Other traditional signals such as the aspect of packaging (the la-
bel and bottle shape) and brand name are of little importance for
Italian consumers. The probability of positive appreciation for such
attributes increases in case of daily usage since everyday wine is
mostly intended as a simple beverage. This consideration is further
related to the known problem of brand recognition in a market
where costumers are overwhelmed by too many choices and
where, as mentioned before, the fragmentation of the wine
ine cooperatives or producers).

n̂O n̂S E(YO) E(YS)

97 0.169 0.378 5.641 4.604
04)

93 0.214 0.330 5.423 4.845
91)

61 0.185 0.265 5.779 5.329
81)

00 0.152 0.246 6.001 5.459
81)



Fig. 9. Rating distribution from CUB models with the place of purchase as a covariate (solid line = supermarkets and local food stores, dotted line = wine shops, wine
cooperatives or producers).
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industry complicates the branding and sales process. The label is
not only used as a support to give information, but its design asso-
ciate with the aspect of the bottle and seal make the product visu-
ally distinctive, standing out on the shelves, and attractive to
potential purchasers. However, Italian consumers do not seem to
be influenced by those elements when other information indicat-
ing objective or intrinsic features is available.

Finally, the study has shown that accumulated competence is a
key variable which segments consumers and that modify the per-
ception and the judgments concerning the various wine attributes.
The results confirm that consumers having a good level of knowl-
edge about wine tend to look for sensory quality (aroma, taste, com-
plexity) which assume a dominant role in their purchase decisions.
These are mainly based on grape variety that, even at the first pur-
chase, can recall memory of sensory characteristics of other experi-
enced wines which can lead them to their final wine choice.
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