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Summary: Consumers’ and experts’ preferences and perceptions of the sensory at-
tributes of products are very important for manufacturers in the food industry, in order
to avoid market disappointment and improve food quality. Indeed, appropriate sensory
analyses combined with proper statistical methods allow to segment market, obtain po-
sitioning of products (brands, organizations, etc.) and identify the market acceptability.
This finally has a great impact upon food quality and industrial competitiveness. In this
paper, we use CUB models to analyze sensory data coming from a survey on the Italian
espresso.
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1. Introduction

Sensory evaluation is a scientific method where experimental results are collected
on a set of sampled consumers who express preferences and reactions with respect to
food and drink. Since samples are generally obtained according to standard statistical
designs, this field attracts many approaches for a correct analysis of the results insofar
as formal conditions for inferential procedures are respected.
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On the other hand, consumer preferences result from complex interactions where
subjective, objective and contextual factors are present with different roles. In fact,
the expressed choice is the result of a human decision and we should assume that this
process is a final act conditioned by personal history, environmental variables, subjective
covariates and objects’ characteristics, which all surely interact with the modality of the
survey. As a consequences, it may be worth studying the stochastic structure of the
choice process in order to adequately model the observed preferences.

Operationally, to collect sensory data, experts or untrained subjects are asked to rate
or rank different products on the basis of some sensory descriptors (items), by express-
ing their perceptions on hedonic response scales (usually 9-point Likert scales). For
example, consumers can be asked to evaluate quality attributes and express their prefer-
ences towards colour, smell, taste and mouth feel for a collection of coffee varieties, as
we will pursue in this paper.

In this way, affective tests concern ordinal measurements. Such scales are substan-
tially of qualitative nature although some numerical coding, as the integers {1, 2, . . . ,m},
is generally proposed. Then, a correct statistical analysis must be related to ordinal data
modelling and current literature focuses on the models generated by cumulative proba-
bility in order to take the ordinal nature of sensory data into account (Agresti, 2010).

In this paper, following previous research in the area promoted by Piccolo (2003), we
adopt a different structure by assuming that the response of each consumer is the combi-
nation of a feeling attitude towards the food being evaluated and an intrinsic uncertainty
component surrounding the discrete choice.

This class of models have been successfully applied in several fields (D’Elia and
Piccolo, 2005; Iannario, 2007) and sensory analysis is a favoured context (Piccolo and
D’Elia, 2008; Piccolo and Iannario, 2010). In fact, these models allow to measure how
the perception process is transformed into personal evaluations which are a mixture of
several components: as already explained, the relevant ones are defined as feeling and
uncertainty. Moreover, we will show that the added value of the proposal is mainly
related to a sharp visualization of a huge amount of information by a graphical pattern
of the estimated models represented in the parametric space.

This work shows how several varieties of Italian coffee (espresso) have been rated
by a number of Italian and foreign tasters with respect to visual, olfactory and gustatory
perceptions. The data set has been released without information on product and usage
characteristics and the whole analysis will be concerned with the ability of the proposed
models to cope with information derived by the frequency distributions of expressed
preferences. The paper is organized as follows: in Section 2, we discuss the fundamen-
tals of CUB modelling approach and in Section 3 we present the case study. Some final
remarks conclude the paper.
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2. CUB models

As mentioned in Section 1, the observed preferences result from the consumers’
evaluation of food and drink, that is the expression of their preferences on a hedonic re-
sponse scale. Perception and evaluation result from complex psychological mechanisms
determined by many interacting factors of different nature (psychological, social, bio-
logical, physiological, etc.). Especially when eating and drinking behaviour is involved,
human decision making occurs at a non-conscious level and sensory and consumer re-
search should take psychological insights into account (Köster, 2009).

The philosophy of CUB models is perfectly in line with this, since feeling and uncer-
tainty represent the latent components combined together in order to express the con-
sumers’ judgements (i.e., the observed discrete choices). The feeling component is the
degree of agreement with a given item and results from subjective motivations. Accord-
ing with the latent variable approach, it can adequately be interpreted as a continuous
latent random variable which is interpreted as discretized, since the consumers’ ratings
assigned to an item are discrete. On the other hand, the uncertainty component is the
unstability intrinsically present in the human choices and resulting from factors related
to the evaluation process (for example, the limited knowledge of the problem, the nature
of the chosen questionnaire and response scale, the subjective interest towards items).
Both components are explicitly considered in the CUB models, by means of a mixture of
two random variables, as explained in Subsection 2.1.

2.1. Basic issues

Any model is strictly arbitrary; thus, the rationale of a modelling structure may be
only derived from a blend of logical arguments and empirical facts. Overall, parsimony
in parameters is a key issue. In line with these arguments, the class of models we are
going to introduce aims at parametrically defining the behaviour of respondents as gen-
erated by two main latent components.

Specifically, uncertainty may be modelled with regard to the extreme choice of a
person who assigns the same probability to each category, with a complete indifference.
As a consequence, for the distribution related to uncertainty we introduce the discrete
Uniform random variable U defined over the support {1, 2, . . . ,m}, for a given m:

P r (U = r) =
1

m
= Ur, r = 1, 2, . . . ,m .

This random variable maximizes the entropy, among all the discrete distributions with
finite support {1, 2, . . . ,m}, for a fixed m, and it is minimally informative about the
choice (when one knows only the number m of modalities).

Instead, we model the feeling component by means of a shifted Binomial random
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variable V whose probability distribution is:

P r (V = r | ξ) =
(
m− 1

r − 1

)
ξm−r (1− ξ)r−1 = br(ξ) , r = 1, 2, . . . ,m ,

The rationale for such distribution stems from heuristic and pragmatic point of views:
the (shifted) Binomial distribution is able to cope with different shapes of sample data
and just with a single parameter. In addition, from a statistical point of view, combi-
natorial and selective arguments confirm the convenience to adopt such distribution, as
argued by Iannario (2012).

If we weight the components assumed for uncertainty and feeling, we are introducing
a (convex) Combination of a discrete Uniform and a shifted Binomial distributions, and
this justifies the CUB acronym. Then, a CUB random variable R expressing the final
choice of the respondent is defined by the probability mass function:

P r (R = r | θ) = π br(ξ) + (1− π)Ur , r = 1, 2, . . . ,m ,

where θ = (π, ξ)′, π ∈ (0, 1] and ξ ∈ [0, 1]. Then, the parametric space is the (left
open) unit square:

Ω(θ) = Ω(π, ξ) = {(π, ξ) : 0 < π ≤ 1; 0 ≤ ξ ≤ 1} .

Iannario (2010) proved that CUB models are identifiable for any m > 3.
The class of CUB models turns out to be a very flexible parametric family since the

shape of the distribution largely varies over Ω(π, ξ), as shown by Piccolo (2003). This
allows to fit data with positive or negative skewness, any intermediate modal value and
also peaked or flat distributions.

Parameters are associated to the latent components of the responses and may be
easily interpreted. The feeling parameter (ξ) is mostly related to location measures and
strongly determined by the skewness of responses: it increases when respondents prefer
low ratings. Usually, high values of the responses imply high consideration towards the
food; then, in sensory analysis, the quantity (1 − ξ) increases with sensory satisfaction
with the product. Instead, the uncertainty parameter (π) modifies the heterogeneity of
the distribution and it is mostly related to the comparisons among probabilities. Then,
uncertainty of the choice increases with (1− π).

Since there is one-to-one correspondence among a CUB random variable and the
parameter vector θ = (π, ξ)′, we represent each CUB model as a point in the unit square.
This visualization is a focal issue of the approach since a single point summarizes any
aspect of the probability distribution and allows for immediate comparison with respect
to time, space and circumstances.

Since 1 − π measures the propensity of respondents to behave in accordance to a
completely random choice, and 1 − ξ measures the strength of feeling of the subjects
for a direct and positive evaluation of the food, hereafter we will consider the plot of
CUB models as a point in Ω(π, ξ) with coordinates 1− π and 1− ξ, respectively.
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The expectation of R is given by: E (R) = (m+1)
2 +π (m− 1)

(
1
2 − ξ

)
. It confirms

that the mean value moves towards the central value of the support on the basis of the
value and sign of ( 12−ξ) and this behaviour is related to the skewness of the distribution.
In fact, a CUB random variable is symmetric if and only if ξ = 1/2.

A peculiar aspect of the last formula is that the expectation of R is constant for in-
finitely many values of the parameter vector θ = (π, ξ)′; as a consequence, we may
obtain the same mean value for ratings distributions which are quite different. In addi-
tion, the expectation does not convey all the characteristics of a random phenomenon
since these are explained by a sequence of higher moments instead.

CUB models have been extended in several directions as recently pointed out by Ian-
nario and Piccolo (2012), and these generalizations concern the probability distribution
of the components, the inclusion of subjects’ and objects’ covariates, the joint consider-
ation of several objects/items in a multivariate context.

For example, if one considers that both uncertainty and feeling may be conditioned
by subjects’ characteristics, we can define CUB models with covariates by introducing
a logistic link among parameters and covariates of the respondents. This extension is
particulary noticeable since it allows for testing and measuring the effect of known char-
acteristics on the responses and thus these extended models are especially valuable for
marketing studies.

Another generalization stems from the circumstance that respondents may some-
times prefer a quick response instead to weigh up more demanding choices. This be-
haviour is frequent in sensory analysis and induces an anomalous value of the frequency
of a given category. Since this component may imply both biases and inefficiencies in
the statistical analysis, it can explicitly be modelled in CUB models with a shelter effect
(Corduas et al., 2009; Iannario, 2012).

2.2. Inferential issues

When sample data are available, the classical steps of the iterative cycle of specifi-
cation, estimation and validation of a CUB model may be consistently pursued by max-
imum likelihood (ML) methods which lead to asymptotically efficient properties of the
statistical procedures. Moreover, the involved mixture distribution suggests to introduce
the EM procedure as an effective algorithm to reach convergence almost everywhere on
Ω(θ), as shown by Everitt and Hand (1981), McLachlan and Krishnan (2008), McLach-
lan and Peel (2000), among others.

For a general CUB model with covariates, the ML estimation has been derived by
Piccolo (2006) and extended by Iannario (2012) to models with shelter effect. Sev-
eral suggestions have been proposed for improving the convergence of the procedure by
means of accurate preliminary estimators. In this context, the significance of the esti-
mated parameters, the relevance of the covariates and the validation of the model are
obtained by exploiting the asymptotic properties of the ML estimators.
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A critical review of the fitting measures for ordinal models, and specifically for
CUB models, is in Iannario (2009). When sample data are summarized by the observed
frequencies n1, n2, . . . , nm, the log-likelihood function of the saturated CUB model is

�sat = −n log(n) +

m∑
r=1

nr log(nr) ,

whereas the log-likelihood function for a discrete Uniform distribution is:

�0 = −n log(m) .

In a sense, �0 is the worst achievable value for a likelihood function computed on
ordinal data since it derives from a totally uninformative situation except for the number
of modalities. On the contrary, �sat is the maximum achievable for a likelihood function
given the observed data and it acts as a benchmark for comparing the effectiveness of
parametric structures. Both quantities are easily computable on the basis of sample data
and may be fruitfully used for fitting purposes.

Then, if �(θ̂) is the log-likelihood of the estimated model, a convenient measure of
fitting has been proposed as

I = �(θ̂)− �0
�sat − �0

=
�(θ̂) + n log(m)

m∑
r=1

nr log(nr) + n log(m/n)

.

A further normalized fitting measure has been introduced for comparing observed
fr and expected pr(θ̂) relative frequencies:

F2 = 1− 1

2

m∑
r=1

| fr − pr(θ̂) | .

It is related to a standard dissimilarity index and has an immediate interpretation as the
proportion of correct predicted frequency responses.

A program in R –where the whole inferential procedure is effectively implemented
with estimation, test results, statistical indexes and graphical displays– is freely available
(Iannario and Piccolo, 2009). Work is currently in progress to release a standard R
package.

3. Case study

In this Section we present the results of a case study dealing with sensory data about
coffee tasting. Usually the coffee tasting method consists of three main evaluations
(sensory attributes):
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• the visual analysis, taking into account the colour (should not be either too light
or too dark, but rather nutty-color with dark red streaks), the texture (should be
dense, with a fine texture and without any gaps), and the persistence (quite long)
of the cream;

• the olfactory analysis, taking into account the smell (should be pleasant and in-
tense) and fragrances or aromas (toasted, chocolaty, floral, fruity, peanuts, spiced,
...);

• the gustatory analysis, taking into account flavour (sweet, acidic, bitter) and after-
taste (aroma, persistence).

The survey which produced the analyzed data was carried out by Centro Studi As-
saggiatori (CSA, http://www.assaggiatori.com) of Brescia, Italy, along with the Interna-
tional Institute of Coffee Tasters (IIAC)1 and was concerned with the sensory analysis of
43 different coffee varieties, evaluated by a number of experienced and non-experienced
judges through the above described tasting method. For each coffee variety a set of
judges (from a minimum of 6 to a maximum of 421) was selected from the 1650 judges
involved in the survey, who formulated visual, olfactory, gustatory evaluations of the
coffee on an 9-point Likert scale. After removing the coffee varieties evaluated by less
than 60 judges, the data set turns out to be composed by 36 coffee varieties for which a
total number of 7604 judgments on each sensory attribute are available. On the whole,
each of the 1650 judges was asked to taste from a minimum of 1 to a maximum of 11 cof-
fees, but more than 78% of judges tasted exactly 5 coffee varieties. For each judge some
personal information is also available (gender, age, experience in tasting, consumption,
etc.).

We fit CUB models separately to each of the 36 varieties of coffees with respect to
visual, olfactory and gustatory perceptions. The estimated models are all significant
and with good fitting measures (F2 varies in (0.85, 0.97)), as shown in Figure 1 (more
detailed results are available from Authors).

We summarize results by plotting the estimated parameter vectors on the unit square.
So, according to the estimated CUB models we locate the 36 coffee varieties on a map
describing their relative positioning with respect to the selected sensory attributes, fo-
cusing attention on both the level of their evaluation and the degree of uncertainty of the
judgements (Figure 2). It should be evident how the complex pattern of this experiment
may be sharply simplified by CUB models in a unique representation. The ranking of
preferences is not constant with respect to the three evaluations and this confirms that
respondents react in different ways when faced to visual, olfactory and gustatory sensa-
tions. The close position of visual and olfactory perceptions is a further confirmation of
well known results in sensometrics: as a matter of fact, sight and smell are senses which
manifest themselves with high similarity.

1 The authors thank Luigi Odello (director of CSA) and prof. Eugenio Brentari (University of
Brescia) for making the data available.
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Figure 1. Boxplots of F2 separately for the three sensory attributes (left). Plot of esti-
mated probabilities versus observed relative frequencies in the best (F2 = 1−Diss =
0.973) and worst (F2 = 1−Diss = 0.849) case (middle and right, respectively).
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In addition, we notice that all evaluations (except for varieties 34 and 35) are ex-
pressed with a limited uncertainty, confirming that respondents are giving meditated
preferences. However, the uncertainty generally increases when we pass from visual to
olfactory and then to gustatory perceptions. Thus, gustatory perceptions are more related
to subjectivity than olfactory perceptions, which, in turn, are more related to subjectivity
than the visual ones. Thus, we conjecture that perceptions more heavily depend on the
personal history, attitude, and habits when moving from visual to gustatory.

Figure 3 shows the estimated models of visual, olfactory and gustatory perceptions
for each coffee variety separately: gustatory perceptions are generally more uncertain
and also the atypical location of varieties 34 and 35 is confirmed.

None of the personal characteristics of the judges available from the questionnaire
turned out to be a significant covariate for the estimated CUB models.

At this step, it is interesting to inspect the relationships among the judges’ percep-
tions expressed through the visual, olfactory and gustatory ratings and the satisfaction
about each coffee variety. Since the gustatory satisfaction towards coffee is significantly
dependent by both visual and olfactory ratings but olfactory is much more relevant, we
explore the relationship between the expressed level of olfactory rating and the gustatory
satisfaction for the 36 coffee varieties, separately.

More specifically, using the expressed scores on the olfactory sensory attribute as
covariate in the CUB models of gustatory satisfaction, we verify if gustatory satisfaction
can be predicted by means of single judges’ perceptions on the olfactory attribute. The

logistic link ξi =
1

1 + e−wi γ
is introduced in the CUB models, with ξi and wi indicat-

ing the gustatory satisfaction and the olfactory rating of subject i, for i = 1, 2, . . . , n,
respectively.

Results are plotted in Figure 4. The coffee varieties show different reaction rates but
it is insightful to observe that the shape is regularly homogeneous for all the coffees. This
result may be usefully exploited by producers of coffees with poor olfactory perceptions,
since an improvement of the consumer gustatory perception towards the product seems
to be highly dependent upon a positive evaluation of the coffee’s smell.

4. Concluding remarks

In this paper, CUB models have been studied for interpreting uncertainty and feeling
of different brands of coffee. The experimental results obtained on a very large data
set of different brand of coffees confirm that CUB models may be usefully exploited for
comparing and summarizing several aspects of the data in an effective graphical display.

In addition, this class of models manifest themselves as useful also for measuring
the predicting ability of gustatory responses given the olfactory ones.

The analysis so far proposed may be further deepened if we could insert product
characteristics in the sensory analysis. It could allow, for example, to identify which
coffee varieties show a peculiar behaviour, in order to better understand relations among
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Figure 2. CUB models visualization of visual, olfactory, gustatory perceptions of the 36
coffee varieties.
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Figure 3. CUB models visualization of visual, olfactory and gustatory perceptions for
each coffee variety.
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Figure 4. Prediction of gustatory satisfaction given the olfactory rating.

variety and perceptions and to finally direct the manufacturers’ efforts to improve their
competitiveness.

Results from CUB models could be integrated with other advanced statistical tech-
niques useful for sensory analysis (among others, Brentari and Zuccolotto, 2011) in
order to get a more complete picture of the phenomenon (see, for example, Iannario et
al., 2011).
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