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IntroductionIntroduction

Consumers and experts’ preferencespreferences on the
sensory attributes of products are important
to producers in food industry

We need appropriate sensorysensory analysesanalyses and
correct statisticalstatistical methodsmethods

This finally has a greatgreat impactimpact upon food
quality and industrial competitiveness
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SensorySensory datadata

To collect sensorysensory datadata, subjects are asked
to rate or rank different products on the
basis of some sensory descriptors by
expressing their perceptions on hedonicexpressing their perceptions on hedonic
response scales

We obtain ordinalordinal datadata
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SensorySensory datadata

Ordinal data modellingOrdinal data modelling

Regression models for ordinal data
(McCullagh , 1980 )(McCullagh , 1980 )

Generalized linear models
(McCullagh and Nelder, 1989)

CUB modelsCUB models

(Piccolo, 2003)
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CUBCUB modelsmodels

The response of each subject is
interpreted as the combination of

a feelingfeeling attitude towards the fooda feelingfeeling attitude towards the food

an intrinsic uncertaintyuncertainty related to 
the circumstances surrounding the 
discrete choice
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CUBCUB modelsmodels

The feeling and uncertainty components are
considered in the CUB models by a mixture of
two random variables

where and              .

Thus the parametric space is the (left open) unit square
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feelingfeeling uncertaintyuncertainty



CUBCUB modelsmodels

Parameters are related to the latent components
of the responses:

1 − ξ � sensory satisfaction (feelingfeeling) with
the product

There is a one-to-one correspondence among a CUB 
random variable and the parameter vector θθθθ=(π, ξ)'

� each CUB model can be represented as a
pointpoint in the unit square (with coordinates π, ξ)

the product

1 − π � uncertaintyuncertainty of the choice
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CUBCUB modelsmodels
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CUBCUB modelsmodels

CUB models have been extended in several
directions (see Iannario & Piccolo, 2011 ):

generalizations concerning the probabilityprobability
distributiondistribution of the components
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distributiondistribution of the components

inclusion of subjects’ and objects’ covariatescovariates

multivariatemultivariate framework

sheltershelter effecteffect (to model data with an anomalous
frequency value on a given response category,
Corduas et al., 2009; Iannario, 2012 )



CUBCUB modelsmodels

InferentialInferential issuesissues (specification, estimation,
validation) have been obtained also for extended
CUB models

A normalizednormalized fittingfitting measuremeasure isA normalizednormalized fittingfitting measuremeasure is

� proportion of correct predicted responses

A programprogram in R in R is freely available
(Iannario & Piccolo, 2011)
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CaseCase StudyStudy

Sensory data coming from a survey on the
ItalianItalian espressoespresso
(Centro Studi Assaggiatori & International Institute of Coffee Tasters)

More than 1,000 Italian and foreign tasters rated
(on a 9-point Likert scale) 36 espresso varieties on:
More than 1,000 Italian and foreign tasters rated
(on a 9-point Likert scale) 36 espresso varieties on:

VisualVisual perceptions
(colour, texture, persistence of the cream)

OlfactoryOlfactory perceptions
(smell, fragrances or aromas)

GustatoryGustatory analysis (flavour, aftertaste)
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CaseCase StudyStudy

We fitted a CUB model for each of the 36
coffees, with respect to the 3 sensory
attributes

The estimated models are all significantsignificant with
good fitting measures

F 2 varies in (0.849,0.973)
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CaseCase StudyStudy
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Boxplot of F 2  separately for the three sensory attributes



CaseCase StudyStudy
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Plot of estimated probabilities
vs observed relative frequencies



CaseCase StudyStudy

We summarize results by plotting each CUB
model in the unit square

This simplifies the complex pattern of the
experiment in a uniqueunique representationrepresentation
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CaseCase StudyStudy
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CaseCase StudyStudy
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CaseCase StudyStudy

An interesting result concerns the relationship
between the expressed level of olfactoryolfactory ratingrating
and the gustatorygustatory satisfactionsatisfaction for the 36 coffees,
separatelyseparately

Olfactory scores are used as covariatecovariate in the CUB
models of gustatory satisfaction to see if gustatory
satisfaction can be predicted by tasters’ olfactory
perceptions
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CaseCase StudyStudy
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ConclusionsConclusions

CUB models allowed to interpretinterpret uncertainty
and feeling of different coffee varieties and
representrepresent several results in an effective
graphical displaygraphical display

They are useful also for measuring the
predictivepredictive abilityability of gustatory responses
given the olfactory ones
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ConclusionsConclusions

The CUB analysis could be further completed
with productproduct characteristicscharacteristics in order to better
understand relationships among coffees and
perceptions and to finally direct manufacturers’perceptions and to finally direct manufacturers’
efforts to improve their competitiveness

Results from CUB models could be integrated
with other advancedadvanced statisticalstatistical techniquestechniques in
order to get a more complete picture of the
phenomenon
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