
CRAGGING: CRAGGING: a a novel novel approachapproach
for inspecting Italian wine qualityfor inspecting Italian wine quality

CRAGGING: une nouvelle approche CRAGGING: une nouvelle approche 

grostatgrostat 2012 2012 
12th 12th European Symposium on Statistical Methods for the Food European Symposium on Statistical Methods for the Food InIndustdustryry
Paris, France, (28), 29 February & 1Paris, France, (28), 29 February & 1--2 March 2 March 20122012

CRAGGING: une nouvelle approche CRAGGING: une nouvelle approche 
pour pour évaluer la évaluer la qualité des vins italiensqualité des vins italiens

Eugenio Eugenio BrentariBrentari

Maurizio Maurizio CarpitaCarpita

Marika VezzoMarika Vezzoli li 
Department of Quantitative Methods, 
University of Brescia, Italy



AgendaAgenda

IntroductionIntroduction

RegressionRegression TreesTrees

E. E. BrentariBrentari, M. , M. CarpitaCarpita, M. , M. VezzoliVezzoligrostatgrostat 20122012

CRAGGINGCRAGGING

FinalFinal ModelModel

Case Case StudyStudy



IntroductionIntroduction

Assessing the wine quality is a challenging
task due to the multifaceted nature of
this concept
SubjectiveSubjective evaluationsevaluations and objectiveobjective
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SubjectiveSubjective evaluationsevaluations and objectiveobjective
featuresfeatures are mixed together in order to
get effective ranking of wines
It is important toto identifyidentify thethe
fundamentalfundamental attributesattributes since they can
lead to significant improvements in the
production process



IntroductionIntroduction ((cont’dcont’d))

Using a data mining technique, we inspect the
quality of Italian red and white wines →→

which variables have a major which variables have a major impact on impact on it?it?

Since the data have a hierarchical structure
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Since the data have a hierarchical structure
(wines grouped with respect to the grapes) we
use the CRAGGINGCRAGGING

Extracting a simple model from the CRAGGING,
we identify the ”truetrue pathpath” towardstowards thethe qualityquality



RegressionRegression TreesTrees

One of the most famous data mining techniques
Regression TreesRegression Trees

They partition the predictor space into
homogeneous subsets with respect to the
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homogeneous subsets with respect to the
dependent variable Y



RegressionRegression TreesTrees ((cont’dcont’d))

AdvantagesAdvantages
Fast algorithm

It can deal with every type of variable

It provides good results also with → missing values 
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It provides good results also with → missing values 

→ correlated variables

Interpretability (if trees are small)

DisadvantagesDisadvantages
Non accurate predictor

InstabilityInstability → small changes in the data determines big 
changes in the results



CRAGGINGCRAGGING
Combining multiple versions of unstable classifiers
(e.g. trees) increases the accuracy of the predictors

P&CP&C techniquestechniques (Perturbation & Combination):
perturb the training set to generate multiple
predictors and combine these by averaging
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predictors and combine these by averaging

BaggingBagging (Breiman, 1996)

RandomRandom ForestsForests (Breiman, 2001)

BoostingBoosting (Freund and Schapire, 1996)

CRAGGINGCRAGGING
CRCRoss-validation AGGregatINGING

(Vezzoli and Stone, 2007)



CRAGGINGCRAGGING ((cont’dcont’d))

Let (Y,X) a database with N observations where Y is the response

variable and X is the matrix of R predictors. The observations are

divided in J groups each one composed by nj observations. Denote

with L={1,2,…,J} the set of groups and with xji=(x1ji,x2ji,...,xrji,…xRji)

the vector of predictors for i-th subject of group j. The set L is
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the vector of predictors for i-th subject of group j. The set L is

randomly partitioned in V subsets denoted by Lv, v = 1,…,V each one

containing Jv groups.

L1 LV…



CRAGGINGCRAGGING ((cont’dcont’d))

Training set 
denoted by 

c
vL
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CRAGGINGCRAGGING ((cont’dcont’d))

Perturbation of 
the training set
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CRAGGINGCRAGGING ((cont’dcont’d))

The following criterion is used to 
improve the accuracy of the 
prediction 
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CRAGGINGCRAGGING ((cont’dcont’d))

( ) j, n,...,i L,ˆ,* 1,2withminarg =∈= jyyL jiji αα

The procedure is repeated for different values of
α and the algorithm chooses the optimal tuning
parameter α*
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( ) j, n,...,i L,ˆ,* 1,2withminarg
α

=∈= jyyL jiji αα

jn,...,iL, 1,2withˆ~
1

*,
1crag =∈= ∑

=

− jyMy
M

m
jiji α

where L() is a generic loss function. The entire
procedure is run M times in order to minimize the
generalization error, then averaging the results in
order to get the CRAGGINGCRAGGING predictionspredictions:



FinalFinal ModelModel
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crag
jiy~



CaseCase studystudy:: AltroconsumoAltroconsumo WinesWines

The analysis was carried on the dataset that AltroconsumoAltroconsumo,
an Italian Independent Consumers’ Association, uses for its
guide (GuidaGuida ViniVini 20112011). Each year, Altroconsumo chooses
some red and white wines and evaluates their characteristics
(in almost all the cases they costcost lessless thanthan 1515 €€).
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(in almost all the cases they costcost lessless thanthan 1515 €€).

We analyzed 231231 redred andand whitewhite wineswines grouped in 4949
clustersclusters defined by the type of grapes used by producers.
We focused our attention on chemicalchemical and sensorysensory
characteristics, since we expect these features could be the
majormajor driversdrivers ofof thethe winewine qualityquality.
We use the chemical and sensory variables as covariates and
a score of wine quality (attributed by Altroconsumo) as
response variable



CaseCase studystudy:: AltroconsumoAltroconsumo WinesWines ((cont’dcont’d))

Chemical variables Chemical variables 

Alcoholic strength (Alcohol)

Residual sugar (Residual Sugar)
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Residual sugar (Residual Sugar)

Reducer sugar (Reducer Sugar)

Total acidity (Acidity tot)

Volatile acidity (Acidity vol)

Free/Total sulphur anhydrides (SO2)

Total sulphur anhydrides (SO2 tot)



CaseCase studystudy:: AltroconsumoAltroconsumo WinesWines ((cont’dcont’d))

SensorySensory variablesvariables
Experienced judges express their vote about the sensory variables
(divided in 4 groups). The perception of each descriptor has been
registered using a 00--99 scalescale

VisualVisual characteristicscharacteristics
Color saturation, Green reflection, Gold reflection, Violet
reflection, Garnet reflection, Visual sparklingness, Attraency
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reflection, Garnet reflection, Visual sparklingness, Attraency
OlfactoryOlfactory characteristicscharacteristics
Floral, Fruit, Vegetal, Spicy, Olfactory intensity, Olfactory
quality, Olfactory frankness, Perception, Harmony
GustatoryGustatory characteristicscharacteristics
Structure, Harmony, Acidity, Bitterness, Sweet, Astringency,
Aromatic Richness
IntenseIntense AromaticAromatic PersistencePersistence
Persistence, Frankness, Quality

Y Y → → Composite score: 0 Composite score: 0 (lowest quality) (lowest quality) 100 100 (highest quality(highest quality))



ResultResult

The Final Model could be used
as a tool to drive the quality
towards high scores

Wines with highest score
have a pleasantpleasant aspectaspect and
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have a pleasantpleasant aspectaspect and
a goodgood flavourflavour

Wines with lowest score dodo
notnot havehave anan attractiveattractive
aspect,aspect, dodo notnot havehave aa
pleasantpleasant flavourflavour,, and the
levellevel ofof thethe totaltotal sulphursulphur
anhydridesanhydrides isis veryvery highhigh
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