
Chemometrics and Intelligent Laboratory Systems 154 (2016) 176–184

Contents lists available at ScienceDirect

Chemometrics and Intelligent Laboratory Systems

j ourna l homepage: www.e lsev ie r .com/ locate /chemolab
Modelling the ageing process: A novel strategy to analyze the wine
evolution towards the expected features☆
Ana C. Pereira a,b, Maria J. Carvalho b,c, Andreia Miranda b,c, João M. Leça b,c, Vanda Pereira b,c,
Francisco Albuquerque d, José C. Marques b,c, Marco S. Reis a,⁎
a Chemical Process Engineering and Forest Products Research Centre (CIEPQPF), Department of Chemical Engineering, University of Coimbra, Rua Sílvio Lima, 3030-790 Coimbra, Portugal
b Centre of Exact Sciences and Engineering, University of Madeira, Campus da Penteada, 9000-390 Funchal, Portugal
c Institute of Nanostructures, Nanomodelling and Nanofabrication (I3N), University of Aveiro, 3810-193 Aveiro, Portugal
d Madeira Wine Company, Rua Dos Ferreiros 82, 9000 Funchal, Portugal
☆ Selected paper from the 9th Edition of the In Vino A
Trentino Alto Adige (Italy), 14-17 July 2015.
⁎ Corresponding author.

E-mail address: marco@eq.uc.pt (M.S. Reis).

http://dx.doi.org/10.1016/j.chemolab.2016.03.030
0169-7439/© 2016 Elsevier B.V. All rights reserved.
a b s t r a c t
a r t i c l e i n f o
Article history:
Received 30 November 2015
Received in revised form 24 March 2016
Accepted 27 March 2016
Available online 2 April 2016
In this work we present a new strategy to monitor the wine evolution during the ageing process. More specifi-
cally,we validate a procedure for analyzing howwine evolves during the ageing process in relation to the desired
and expected quality features andwe apply the proposedmethodology to the case of a Portuguese fortifiedwine,
the Madeira wine, where we compare the wine evolution under two different ageing processes.
The approach developed consists on modeling samples labeled as aged reference wines (5 year old Madeira
wines), produced from four different grape varieties, and then analyze how and in which extent young wines
(up to 3 years old) come closer to the reference data set. The analysis is based on a comprehensive set of chemical
data, including: polyphenolic composition, organic acids, reducing sugars, color and oenological parameters,
commonly used as routine quality control information. The study considers several feature extraction methods,
such as: Principal Components of Analysis (PCA), Independent Component of Analysis (ICA) and Partial Least
Squares (PLS). The classification methodologies tested were: Linear Discriminant Analysis (LDA), nearest neigh-
bor (k-NN) and Soft Independent Modelling by Class Analogy (SIMCA). The different options of preprocessing/
feature extraction/classification were evaluated and compared using a Monte Carlo approach.
From our analysis, the best combination of feature extraction/classification methodologies was PLS/LDA, which
presented a classification performance of approximately 90% for three out of the four classes modeled, and of
about 78% for the remaining one. Regarding the wines monitored during the first 3 years, our analysis revealed
that they indeed mature in relation to the five year old reference wines. Furthermore, for some wines, it is
possible to detect differences between the two ageing processes analyzed.
This study is of particular importance for this type of wines, where the ageing process plays a central role
for attaining the expected quality levels, implying significant risks and costs for local and industrial producers.
Notwithstanding the specific case study presented, the strategy outlined can be extrapolated to other products
with similar characteristics in terms of their monitoring and process control.

© 2016 Elsevier B.V. All rights reserved.
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1. Introduction

In recent decades, chemometrics has yielded important tools for
wine's safeguard and protection, in order to deal with possible adulter-
ation practices and to verify product authenticity [1–5]. Pattern recogni-
tion techniques have been successfully employed in the definition of
strategies to protect the wine designation of origin [6–10], to confirm
the grape variety authenticity and the wine style typicity [11–14].
nalytica Scientia Symposium in
These studies are aligned with the endeavor of regulatory authorities
to prevent and detect adulteration practices and also with the increas-
ing demand of information by consumers, who are increasingly inter-
ested in knowing product details, such as where, when and how
wines were produced [15]. Of particular interest from the producers'
standpoint is the development of new winemaking process control
tools. However, in this scope, patterns recognition techniques were
explored to a lesser extent. In fact, one of themain concerns ofwinepro-
ducers it to guarantee that their wineswill get the expected and desired
features of their targetmarket, ensuring the success of their investment.
In this study, we developed a monitoring framework that assists them
in this complex but critical task. Supervised pattern recognition tech-
niques were explored with the purpose of creating a classification
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model for a specific set of aged wines, selected as reference wines, and
then used to implement a strategy to verify if younger wines are evolv-
ing in accordance to the expected and desired characteristics.

Supervised pattern recognition techniques are commonly distin-
guished into two groups: one focused on discriminating among
classes, like linear discriminant analysis (LDA), k-nearest neighbor
(k−NN), decision trees, support vector machines (SVM) or artificial
neural networks (ANN), and another group oriented towards model-
ling classes in an isolated way, the so-called one-class classification
methods, for which soft independent modelling by class analogy
SIMCA is a well-known example. The first group of discriminant tech-
niques set up classification rules for a number of pre-specified classes
that cover the entire space of analysis. These rules are then used for
assigning class labels to new samples [25]. On the other hand, one-
class modelling methods generate a separate model for each category,
and define conditions under which such category should be assigned
to future samples. Each new sample is then analysed in order to verify
whether or not it is compatible with the characteristics of each class-
specific model [26].

In contrast to supervised pattern recognition techniques, multi-
variate prediction methodologies have found broader applications
in winemaking process control [16]. Usually, in this context, spectrom-
eters are the analytical devices chosen to collect the data, which are
then processed and used to follow target parameters during the
winemaking process. Thesemultivariate approaches are able to provide
fast, in-line and reliablemeasurements in terms of a wide range of wine
quality control specifications, such as alcohol content, total and volatile
acidity, relative density, reducing sugars, tartaric, malic and lactic acid
concentration [17–19]. The untargeted information from spectrometer
devices has also been used to follow the wine ageing process [20].
In this particular case, the ageing time prediction estimates were
compared with the real wine ageing time in casks and used to evaluate
if wines showed the expected characteristics. Similar strategies for
wine ageing control have also been proposed, but using other type
of chemical information, namely the volatile and phenolic wine com-
position [21,22]. In spite of the lack of consensus regarding the type
of chemical information to be used in studies of this nature, several
works have demonstrated that the volatile profile is a good choice
when it comes to distinguish between different grape varieties and
the profile of trace elements is effectivewhen the problem is to discrim-
inate amongst possible geographical origin [23]. Concerning other
classification purposes, namely wine classification by quality, brands
or winemaking technology involved, the chemical data set used is
quite diverse, including also the untargeted fingerprints [24]. In the
present study, the chemical data set used comprises information from
phenolic and organic acid composition, reducing sugar concentrations,
two of themain furanic compounds, color data and other routine quality
control parameters.

In this work we focus on the Madeira wine (MW) as a case study,
which is an important Portuguese fortified wine, produced exclusively
in the Madeira island (Designation of Origin, DO). The alcohol content
of this fortified wine varies from 17 to 22% and its main characteristics
are a result of the grape varieties from which they are produced and
from the particular ageing process implemented. Four different styles of
Madeira wines are considered in this study, namely sweet, medium
sweet, medium dry, and dry wines, which are produced from Malvasia,
Boal, Verdelho and Sercial grape varieties, respectively. These Madeira
wines represent about 53% of all the wines sold with indication of
age. In spite of this group ofwines represent a small percentage inMadei-
ra wines sales (7% of the 4.0 million of liters produced on average per
year) they are recognized as the finest and highest qualityMadeirawines.

Madeira wines can follow two typical ageing processes: the typical
ageing process in casks, called the Canteiro ageing process, in which
wines are stored in casks placed in warmed lofts heated by the sun
(the temperature can range from 20 to 30 °C), and the Estufagem ageing
process, in which the wine is heated and kept in stainless steel vats at a
temperature of about 45 °C at least during threemonths. The aim of this
secondprocess is to acceleratewine ageing. The Estufagemprocess is not
a common practice for the high quality Madeira wines that are under
study in the present work. However, some attempts are being made in
order to evaluate the impact of this ageing process for this selected
group of wines. Specifically, the goal is to verify if the Estufagem process
can indeed bring any advantage to these wines and evaluate the best
way to conduct it for each style of wines. This study addresses this
issue, by first developing a procedure to follow the ageing process and
to assist in decision-making about wine compliance on the basis of a
large variety of intrinsic wine characteristics.

This paper is organized as follows. In Sections 2.1 and 2.2 the data
collection process is presented and the data sets are described, as well
aswine chemical characterization carried out. In Section 2.3, we present
the data analysis methodologies used, including those employed with
the purpose for preprocessing, feature extraction and classification.
The evaluation of classificationmodels is presented in Section 3, togeth-
er with the proposed approach to follow the evolution of the ageing
process. This approach is applied to the analysis of younger wines that
have beenmonitored during their ageing process. Finally, a brief discus-
sion of the issue addressed in this study is presented in Section 4 and the
main conclusions summarized in Section 5.

2. Materials and methods

2.1. Sample collection and data sets

Data collection for this study contemplated two different sets of
samples. The first one comprisewines from the 2007 and 2008 harvests,
collected and analysed after 5 years of ageing in casks. These wines
were selected by an oenologist as reference wines of a five year old
Madeira wine. The selection was made from wines of two harvests
in order to incorporate in our analysis the inter-harvest variability. It
comprises wines from the four white grape varieties recommended
for Madeira wine production: Malvasia, Boal, Verdelho and Sercial.
Verdelho and Sercial are produced in smaller quantities (together they
represent about 35% of sales), and therefore they are also represented
by a smaller number of samples than the remainingwines. More specif-
ically, the following numbers of samples were collected and analyzed:
13 Malvasia wines (7 from the 2007 harvest and 6 from 2008), 9 Boal
wines (5 from the 2007 harvest and 4 from 2008), 4 Verdelho and 4
Sercial wines (2 from 2007 and the other two from 2008, in both
cases). The typical features of these wines can be summarized as
follows. Malvasia grape variety is commonly used to produce sweet
wines (residual sugars can range between 99 and 140 mg/L). These
wines are frequently described as having rich honey notes, raisin and
caramel aromas and present a dark brown color.Boalwines aremedium
sweet wines (residual sugars can vary between 80–100 mg/L). These
wines typically have nutty and vanilla characteristics, flavors of smoke
and dried fruit aromas, and are quite dark (mahogany) in color.
Verdelho is a medium sweet wine, with sugar level ranging from 60 up
to 81 mg/L. These are the more aromatic Madeira wines produced
from white grape varieties, showing hints of caramel flavors and mod-
erate acidity. Sercial is known to produce excellent dry wines (residual
sugar varies from 25 to 61 mg/L), standing out for its mineral tones,
subtle fruit and nut flavors, and high acidity [27].

The second group of samples is formed bywines from the 2011 har-
vest, each one produced exclusively from one of the four grape varieties
(Malvasia, Boal, Verdelho and Sercial). These wines follow the common
vinification practices [27] and they were separated in two sets. For the
first set, wines were stored in casks and aged according to the Canteiro
process, while for the second setwineswere submitted to the Estufagem
ageing process. Both sets of wines were monitored during the first
three years of ageing. Samples were collect at the end of the Estufagem
process, in the fourth month and then at the end of the first, second
and third years of ageing.
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2.2. Analytical methods

2.2.1. Polyphenols and furanic compounds
The identification and quantification of polyphenols and furanic

compounds was performed by direct injection (20 μL) in a Waters
Alliance Liquid Chromatograph (Milford, MA, USA) equipped with an
auto-injector (Waters 2695) and a photodiode array detector (Waters
2996) system. Briefly, the chromatographic separation employs three
mobile phases: A—10 mM of phosphate buffered at pH 2.70 with phos-
phoric acid; B—acetonitrile and C—methanol. The gradient programvar-
ied from 100% aqueous mobile phase to 60% organic phase in 58 min
followed by 12 min of re-equilibration. The mobile phase was set to a
flow rate of 1.0 mL/min and the column Atlantis® T3 (4.6 × 250 mm
id; 5 μm; Milford, MA, USA) thermostated at 30 °C [28].

The identification of compounds was done according to their reten-
tion times, analysing the UV–VIS spectra (scanned from 200 nm to
750 nm) and also confirmed by spiking samples with pure analytes.
Quantification was carried out on 210 nm, for hydroxybenzoic acid,
hydroxybenzldehyde and flavan-3-ol, and on 280, 315 and 360 nm,
280 nm for furans, hydroxycinnamic acid and flavonol, respectively,
and according to an external standard calibration curve previously
validated. A total of 27 phenolic compounds (12 hydroxycinnamic
acids, 8 hydroxybenzoic acids, 4 flavan-3-ols, 3 flavonols, 1 stilbene)
and 2 furanic compounds were identified and quantified.

2.2.2. Organic acid and reducing sugars
The quantification of organic acids and reducing sugar was carried

out using the same system described in Section 2.2.1. In this case, the
column employed for the separation of organic acids was a Hi-Plex H
(300 × 7.7 mm; 8 μm; Agilent Technologies, U.S.A.). The analysis was
also performed by direct injection (10 μL) using an isocratic elution
with the following mobile phase: 0.0025 M of sulphuric acid. The flow
rate was set to 0.6 mL/min and the column thermostated at 65 °C.
Organic acids were detected at 210 nm while reducing sugars, glycerol
and ethanol were detected by refractive index. The individual com-
pounds were identified following the same strategy described in the
previous section.

2.2.3. CIELab and routine quality control parameters
Samples were analyzed on the dual beam spectrophotometer

Shimadzu UV–Vis 2600, using quartz cuvettes with optical thickness
of 10 mm and ultrapure water as blank (OIV 2006). The parameters
L⁎ ,a⁎ , and b⁎ were determined from the transmittance from 380 to
770 nm at 5 nm intervals, considering the illuminant D65 (daylight
source) and 10° standard observer. Chromaticity (C⁎) and Hue (H)
were calculated according to the following equations, respectively [29]:

C� ¼ a�
2 þ b�

2
� �1=2 ð1Þ

H ¼ tan−1 b�

a�

� �
ð2Þ

The quality control parameters used in this study are: density
(mg/L), total and volatile acidity (g/L), pH and total of reducing sugars
(g/L). These measurements were obtained from Infrared Analyser FTIR
and UVVis (Bacchus 3 Multispec).

2.3. Data analysis: supervised pattern recognition

According to the sequence of steps presented in the introduction
of this article, the core of data analysis activities is centered on the
following tasks: preprocessing; feature extraction; classification and
performance evaluation. In this work, several options were considered
for each task, in order to find out the best overall combination for the
conditions found in this case study. The different alternatives are briefly
presented and described in the following paragraphs of this section.
More detailed information can be found elsewhere in the literature
[25,30–33]. Models validation was done using a Monte-Carlo approach.

2.3.1. Preprocessing
Preprocessing methods aim at removing unwanted variation that

might impair the interpretation or predictive ability of themodel, with-
out compromising chemically relevant information [34]. Therefore,
prior to implement the subsequent stages of feature extraction and
modelling, data should be pretreated. Mean centering followed by unit
scaling (usually known as autoscaling) is the most common approach
for preprocessing, where all variables are put on a comparable footing
regarding its variation. This is an important aspect when subsequent
methodologies are scale-dependent, as happens with PCA and PLS.
However, when variables arise in groups and each group potentially
brings different information to the analysis, this simple preprocessing
scheme is no longer adequate. The reason is the following: as all vari-
ables have equal weight in the analysis, the groups having more
variables tend to dominate the analysis [35]. This distortion should
therefore be corrected, namely through block scaling. There are two
types of block scaling: soft and hard block scaling. Soft block scaling
down-weight variables of largest blocks, by scaling them in such a
way that the sum of the variable's variances (after completed the
scaling) equals the square root of the number of variables in a particular
block (Eq. (3)):

X
variable0s variance
� � ¼ ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

number of variables in a block
p

ð3Þ

On the other hand, hard block scaling totally eliminates the differ-
ences between block sizes, as the variables in each block are scaled so
that the sum of their variances is unity:

X
variable0s variance
� � ¼ 1 ð4Þ

The scaling weight used in soft and hard block scaling is 1=

ðnumber of variables in a blockÞ1=4 and 1=ðnumber of variables in

a blockÞ1=2 , respectively [36].
Both soft and hard block scaling approaches were considered in this

study. The blocks formed were the following ones: (i) polyphenols
together with furanic compounds; (ii) the organic acids; (iii) the reduc-
ing sugars; and (iv) all the remainingmeasurements were grouped in a
separate group.

2.3.2. Feature extraction
Chemometric applications easily involve many variables or features,

not all of them equally valuable for the purposes of the analysis. A pre-
liminary stage of feature selection is therefore highly recommendable,
or even fundamental, for conducting the modelling stages (in this
case, supervised pattern recognition), as some methods cannot even
cope with the situations where there are more variables than training
samples or to deal with rank deficient systems [37–39]. Well-known
examples include classifiers like LDA and QDA (Linear and Quadratic
Discriminant Analysis) [40]. One common way to circumvent this
scenario is to compute some features from all the variables collected
(the raw data) and use this reduced set of transformed variables, with
much lower dimensionality, to perform the analysis as the new predic-
tors. Examples of methods used for feature extraction include Principal
Components of Analysis (PCA), Independent Components of Analysis
(ICA) and Partial Least Squares (PLS). The retained components or latent
variables in these methods are then feed to classifiers. The basic and
common idea to all of these methodologies is to apply some kind of a
transformation to the data in order to reveal the essential data structure
through a simpler and more suitable representation. PCA, ICA and PLS,
have in common the fact that they only use linear transformations of
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data, determined by means of the algebraic concepts of ED (eigenvalue
decomposition) and SVD (singular value decomposition). One differ-
ence between these methods relies on the fact that PCA and PLS work
better under Gaussian scenarios, and therefore only the second order
statistics are considered, whereas ICA imposes constraints of statistical
independence on the covariance of the sources, which involves extend-
ing the analysis to higher-order moments [41–43].

PCA, ICA and PLS have been successfully used to simplify and extract
knowledge from large data sets, by removing the redundancy between
variables and mitigating noise sources, while retaining the important
information to be further used as inputs for classification models [44].

The general model structures and the notational conventions to be
adopted in this work for these three methods, are referred below. Con-
sidering a data matrix X(n×m), the PCA, ICA and PLS decompositions
take the following forms, respectively:

PCA : X ¼ T � PT þ E ð5Þ

ICA : X ¼ A � Sþ E ð6Þ

PLS : X ¼ T � PTþEx

Y ¼ T � Q T þ Ey
ð7Þ

By analogy, the matrix S(k×m) in ICA corresponds to the loading
matrix P(m×k) in PCA and PLS, while the values in matrix A(n×k)
(called the mixing matrix) can be related to score vectors T(n×k)
[45]. E(n×m) stands for the residual matrix. As can be seen, PCA and
ICA only make use of the information on predictor variables while PLS
relates the predictor variables Xwith a dependent variable, Y, by maxi-
mizing the covariance between these two groups of variables.

2.3.3. Classification
In this work, we have considered the following classification

methodologies: LDA, k−NN and SIMCA. The selection was based on
the characteristics of collected data, where the number of samples
is small when compared to the number of variables collected. This
imposes limitations on the type of classifiers to adopt, which should
be structurally simples and robust. Therefore, only linear and algorith-
mically simple approaches were selected, such as these ones referred
above.

LDA is one variant of discriminant analysis, the simplest of all possi-
ble classification methods based on the Bayes formula. As the name
suggests, the discrimination boundaries obtained from this technique
are linear. In LDA, each class is assumed to follow amultivariate normal
distribution with equal class-specific covariance matrices [46]. The
latter assumption means that the variability within each group has the
same structure and the only difference between groups is their mean.
Class labels are assigned after computing the a posteriori probabilities
for the observations to belong to the different classes (or some mono-
tone transformation of it, such as the logarithmic transformation), by
selecting the one maximizing this quantity. For the simpler case where
no prior probabilities are considered, the measured vector x is allocated
to a class jwith the smallest value of the squared Mahalanobis distance,
Dij
LDA:

DLDA
ij ¼ x−x j

� �t∑̂−1
x−x j
� � ð8Þ

being ∑̂ the estimated covariance matrix obtained by pooling the
covariance matrices across the G groups (each one formed by Nj sam-

ples, N ¼ ∑G
j¼1Nj), computed as follows:

∑̂ ¼ N−Gð Þ−1
XG
j¼1

Nj−1
� �

∑̂ j ð9Þ
As mentioned above, the LDA criterion can also be expressed in
terms of the underlying probability density function, that is, the proba-
bility of a sample x to belong to class j. This is expressed by the following
equation, obtained under the assumption that all prior probabilities are
identical:

P xj jð Þ ¼ 1

2π ∑̂
			 			� �1=2

0
B@

1
CA exp −

1
2

x−x j
� �t∑̂−1

x−x j
� �� �

ð10Þ

LDA is generally considered to be a robust and versatile approach in
the area of classification, often leading to good and reliable results when
the separation boundaries are of a simple nature [25].

The k-NN method is based on the determination of the distances
between an unknown object and objects of the training set. Usually
the Euclidean distance Dij

kNN,Eucl is used, computed as follow:

DkNN;Eucl
ij ¼ ∑r xi rð Þ−x j rð Þ� �2h i0:5

ð11Þ

The class assigned to the unknown object is established through a
majority voting approach among the k training objects that are closer
to it. To avoid the possibility of ties, k is usually chose to be an odd num-
ber. In this study, it was considered to be k=3. This non-parametric
methodology does not assume any underlying probability distribution
for the observations and is not restricted to linearly separable data
sets, as happens with LDA [46].

In SIMCA, each category is independently modelled using PCA, with
the possibility to use different numbers of principal components for the
various classes. In general, data belonging to a given class can be well
approximated through a low dimensional PCA model. In this study, to
obtain the appropriate dimensionality of each PCA model, we have
used the rule that the retained principal components should account
for, at least, 80% of the total class data variability [47]. In SIMCA, an un-
known sample i is assigned to the class j if the distance measure Di ,j

SIMCA

is less than
ffiffiffi
2

p
[48]:

DSIMCA
i; j ¼ Qr

2 þ Tr
2

� �2
� �0:5

being Qr ¼
Q

Q0:95

T2
r ¼ T2

T2
0:95

ð12Þ

This distance measure gives equal weighting to the distance in the
model space and in residual space, Q. This version, used in the PLS tool-
box (Eigenvector Research, Inc.), presents someminor differences from
the original SIMCA proposal introduced by Wold [49]. Details and dis-
cussion of its potential advantages and drawbacks can be found in refer-
ence [48]. If the distance computed according to Eq. (12) is not lower
than

ffiffiffi
2

p
, then the sample may be an outlier or belonging to a new

group other than the original classes in the training set [46,50].

2.3.4. Evaluation
A critical step in the development of a classification approach

regards its evaluation and final validation. Model evaluation and valida-
tion is carried out to verify whether the assessment made with the
classifier is consistently good and robust, namely when applied to
unknown samples not used during its development [41]. Monte Carlo
Cross-Validation procedures are often used in this regard [21,51]. In
brief terms, this type of procedure consists of randomly selecting a
subset of samples, which temporarily performs the role of the training
set and are used to build a classification model. This random division
was performed in order ensuring that the test set was represented at
least by (Nj/2−1) samples of each class (stratified random sampling).



Fig. 1.HPLC-DAD/IR chromatograms representative of a 5 year oldMalvasiaMadeirawine, where one can analyze polyphenols, quantified at i) 210 nm, ii) 280 nm, iii) 315 nm, iv) 360 nm,
v) individual reducing sugars, ethanol and glycerol (IR) and vi) organic acids (quantified at 210 nm). (1) gallic acid; (2) HMF; (3) furfural, (4) protocatechuic acid; (5) Unk 1; (6) caftaric;
(7) (−)-epigallocatechin; (8) cis-coutaric; (9) p-hydroxybenzoic acid; (10) trans-coutaric; (11) (+)-catechin; (12) trans-fertaric; (13) unk 2; (14) unk 3; (15) vanillic acid (not presented
in this sample); (16) caffeic acid; (17) syringic acid; (18) unk 4; (19) (−)-Epigallocatechin gallate; (20) (−)-epicatechin; (21) vanillin; (22) syringaldehyde; (23) p-coumaric acid; (24)
ferulic acid; (25) unk 5; (26) ellagic acid; (27) myricetin; (28) trans-resveratrol; (29) quercetin; (30) glucose; (31) frutose; (32) glicerol; (33) ethanol, (34) citric acid; (35) tartaric acid;
(36) malic acid; (37) succinic acid; (38) lactic acid; (39) formic acid; (40) acetic acid.
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Fig. 2. Typical UV–Vis i) and Infrared spectrum ii) of a 5 year old MalvasiaMadeira wine, from which the CIELab and quality control parameters were estimated, respectively.
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Then, this model is used to assign classes for the samples which have
been set aside from the training data set and the percentage of correctly
classified samples is calculated. This procedure was repeated i times for
each classification technique, considering the three scenarios of scaling
and an increased number of l components or latent variables, for PCA,
ICA and PLS, respectively. Parameter l range from 1 to 10, and the num-
ber of runs, i, was set to 1000 in order to ensure that all sampleswere set
aside approximately the same number of times. Finally, the i stored
values of percentage of correctly classified samples are averaged in
order to determine the average success rate of each classification tech-
nique, leading to the performance criteria for the classification models:
the global error (regardless of the class) and the classification rate by
class. The 95% bootstrap confidence intervals for these quantities were
also estimated, in order to provide information regarding the prediction
accuracy of the reported performances.

3. Results

3.1. Development and preliminary assessment of the classifiers

This work aims at presenting a new and simple strategy to monitor
the wine evolution during the ageing process. The strategy consists on
first developing a classification model that discriminates among differ-
ent styles of wines, with the same ageing time—the 5 year old Madeira
wine– and then, use these referencemodels tomonitor how newwines
evolve towards their expected maturity state. The wine chemical infor-
mation analyzed and used in the development of the classifiers were:
the concentration of 27 polyphenols, 2 furanic compounds, glucose,
fructose and the total of reducing sugars, 7 organic acids, the glycerol
and ethanol % (v/v), CIELab parameters and the routine quality control
parameters, as presented in Figs. 1 and 2. The data set to be analyzed
consist of 49 variables for 29 different samples analyzed in duplicate
Fig. 3. Overall correct classification of LDA (solid line) and k-NN (dotted line) in the three scen
scaling (light grey line), using three dimension-reduction methodologies: (a) PCA, (b) ICA and
(X(58×49)). The discussion of this data set in terms of wine chemical
composition, namely their differences both concerning wine style (or
grape varieties) and ageing times lies outside the scope of this paper.

All data analysis tasks were performed in the computational plat-
form MatLab (The Mathworks, Inc., version 7.9.0.529, R2009b). Data
pre-processing, PCA and PLS algorithms were implemented by home-
made scripts, while the ICA approach where carried out using the fast-
ICA algorithm, freely accessible on the Internet (http://www.cis.hut.fi/
projects/ica/fastica/). Details about the later algorithm can be found
elsewhere [52].

Data analysis firstly contemplated the analysis of the relative perfor-
mance of each classifier tested using three different feature extraction
methods and three scenarios of block scaling. The analysis of all these
different combinations of preprocessing/feature extraction/classifiers
is needed, since there is no rule of thumb in terms of which the best
data pretreatment as well as the optimum way to proceed with the
dimensional reduction of data (feature extraction) can be a priori
established for a given classifier. In practice, the best combination
should be selected as the one optimizing a suitable performancemetric,
such as the classification error found under cross-validation conditions.
Thiswas the approach followed in thiswork, given its robustness, stabil-
ity and widespread use.

In Fig. 3, it is represented the correct classification rate for the LDA
and k−NN classifiers, as a function of the number of components used
and regarding all three scenarios of block-scaling considered. SIMCA
performance was evaluated separately, since it requires fewer compo-
nents by class (less or equal to three). The correct classification rate is
the mean of i simulations computed according to Monte Carlo
approach described in Section 2.3.4.

It was found that when no block scaling is used, the differences
between PCA, ICA and PLS are small for any of the classifiers tested:
either using LDA (the continuous line) or k-NN(thedotted line). Indeed,
arios of scaling: no scaling (black line), soft block scaling (dark grey line) and hard block
(c) PLS.

http://www.cis.hut.fi/projects/ica/fastica/
http://www.cis.hut.fi/projects/ica/fastica/


Fig. 4. Percentage of correct classification per class (Malvasia—solid dark grey line, Boal—solid light grey line, Verdelho—dotted dark grey line and Sercial—dotted light grey line) of LDA
(solid line) preceded by PLS and without using block scaling. Black line is the global error presented in Figure 3b.
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the differences rely more in the number of components to be used to
achieve similar performances. PCA and ICA require more components
to achieve similar performances of the PLS model with only 4 latent
variables, requiring 5 or 9 latent variables, respectively.

Accordingly, it is the combination of PLS together with LDA which
seems to lead to the most parsimonious model in these conditions.
More specifically, the LDA classifier constructed over the 4 first PLS
scores presents a classification rate of 90%, when no block scaling is
used. The superior feature extraction ability of PLS when compared to
the other two methodologies tested is likely to be related with the
supervised nature of its algorithm. As mentioned in Section 2.3.2, ICA
was implemented using the fastICA algorithm. In future studies, other
ICA algorithmswill also be tested, such as the Join Approximation Diag-
onalization and Eigenmatrices (JADE) [45] or Mutual Information Least
Dependence Components Analysis (MILCA) [46] in order to verify if
further improvements in ICA performance can be achieved. Also, as
ICAmodels are not nested (such PCA or PLS), theMonte Carlo approach
may need some adaptation for dealing with this feature.

In terms of block scaling effect, no improvements in classifier perfor-
mance were verified in this study, meaning that soft (grey line) and
hard block (blue line) scaling should be avoided in data pre-treatment
because it might partially remove interesting information. The classifier
performance was also evaluated in terms of the correct classification
rate by class. This analysis as only considered the best classifier in
terms of global error found initially, namely the LDA/PLS combination
(Fig. 4). The main difference between the three scenarios of scaling is
the fact that bock scaling seems to provide a more balanced classifier,
that is, with a four latent variable model, all classes are recognized
with similar capability. In this scenario, the correct classification rate
ranges from 80 to 90%, contrarily to no block scaling, for which perfor-
mances lower than 70% were observed for Verdelho and Sercial classes.

Regarding SIMCA, the classifier was validated in terms of only 3
classes, since the Verdelho and Sercial wine samples are represented in
reduced number. Itwas decided to gather these samples and considered
them in one group, since they have similar properties—both are dry
wines. In this case, the best classification performance was obtained
when soft block scaling was used (Table 1). Here, it is clear the impor-
tance of decreasing the weight of variables belonging to the larger
blocks, namely the polyphenol and furanic compounds, and provide
Table 1
SIMCA results expressed in terms of percentage of correct classification, misclassification and n

No scaling Soft scaling

Correct
classification

Misclassification No
classification

Correct
classification

Malvasia 67.8 0.0 32.2 89.9
Boal 40.4 1.5 58.1 61.8
Medium and Dry wines 16.4 0.0 83.6 54.8
to the smaller groups of variables a similar importance. For this data
set, this assumes particular interest since reducing sugars are expected
to have an important discriminant power concerning the different
groups of wines (sweetness degree).

However, SIMCA does not improve the results previously obtained
by LDA and therefore the linear discriminant analysis classifier is the
one adopted to proceed with the current study, where it will be applied
to a second independent data set, composed by thewines from the 2011
harvest.

3.2. Evaluation of the selected classifier using an independent data set with
wines from a new harvest

Once established the classification model, the interest is to evaluate
how it behaves when applied to new wines from another harvest. Our
analysis focused in monitoring the evolution of wines produced in
2011 harvest in relation to 5 year old reference wines. For such, we
have used a distance metric based on the probability to belong to this
ageing class, as computed by the LDA classifier. More precisely, we
have analyzed the minus logarithm of the probability, − log(P(x | j)):
the lower this value is, the closer samples are to the reference wines.
These values are represented in Fig. 5. The solid line correspond to
wine samples stored in casks and the dot line correspond to wines sub-
mitted to the Estufagem ageing process during the first four months and
then transferred and stored in casks. From these results, it can be con-
cluded that the wines from 2011 harvest are evolving towards the
desired direction, as they gradually come closer to the reference wines
during the ageing process. In general, the most significant evolution is
observed during the first year of ageing, being more evident for Boal
and Verdelhowines. ForMalvasiawines, the evolution during this period
may not be so evident because the initial state of the wine is already
closer to that of the reference wines. This proximity is, in part, due to
the evolution that occurs during the period between the end of the
winemaking process and the beginning of ageing, which takes about
six months. During this period wine changes occur and probably are
more significant for Malvasiawines. Comparing both ageing process, it
was found that the differences between the two processes are not the
same for the four styles of wines. In particular, the effect of Estufagem
process seems to be more evident for Malvasia and Verdelho wines,
o classification.

Hard scaling

Misclassification No
classification

Correct
classification

Misclassification No
classification

0.0 10.1 78.9 7.5 21.1
15.8 22.4 61.2 9.5 38.8
0.0 45.2 63.2 16.0 23.8



Fig 5. Evaluation of wines from 2011 harvest in relation to the reference wines (i—Malvasia, ii—Boal, iii—Verdelho and iv—Sercial) regarding the ageing processes considered in this work
(dotted line—the Estufagem ageing process, solid line—the Canteiro ageing process).
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since the values of− log(P(x | j)) decrease faster than the corresponding
values for the wines stored only in casks. For Boal wines, it is not
observed a significant difference between both ageing processes.
Notwithstanding, these differences can become more evident if other
type of chemical information is considered. Regarding Sercialwines, dif-
ferences between Estufagem and Canteiro were observed just after the
fourth month, and in this particular case Canteirowines come closer to
reference wines faster than Estufagem wines. However, some caution
is needed here, since this result can be also related to the lower number
of available samples to model the Sercial class, and as a consequence
of the lower capability of the classifier to recognize wines from this
category.

At this phase, it should also be highlighted that the goal of Estufagem
ageing process is not to decrease the ageing time, but to promote, for the
same ageing period (in this case, 5 years), additional quality and distinc-
tive characteristics for Madeira wines. As stated in the introduction,
Estufagem ageing process is not a commonly practice for this particular
type of Madeira wines. However, some studies have been carried out to
evaluate the possible benefits of this peculiar and unique ageing process
for Madeira wines. This study provides a contribute in this regard, since
it demonstrates how to compare both processes using different types
of information as well as reveals that in terms of the wine chemical
composition studied, it seems to be advantageous to submit Malvasia
and Verdelho Madeira wines to Estufagem ageing process, during four
months at 45 °C.
4. Discussion

The results presented in the previous section reveal the potential of
the strategy outlined to follow the wine ageing evolution. The case
study addresses the particular case where the target was defined to be
the 5 year old Madeira wine, but the strategy can be extrapolated to
other times of ageing and other wines as well.

This study follows previousworks [20,21,53] that have beenmade in
order to provide advanced tools for wine producers to monitor the evo-
lution of their wines. This issue is of particular importance for wines
which undergo long ageing periods, during which they acquire their
typical features and the expected quality patterns. Very significant
costs are involved in this phase and therefore additional tools that can
improve the effectiveness of monitoring and assessment process,
bringing more information and knowledge and improving decision-
making, are relevant and very opportune.

An additional goal inherent to the present study was also to demon-
strate howa relevant data analysis can be very informative forwinepro-
ducers. The information available regarding wine composition can
easily be overlooked unless used in an integrated way, with the proper
tools that are able to address the underlying data structure and extract
the relevant trends. This is not aligned with the progress in wine chem-
ical characterization and advanced data analysis, and therefore addi-
tional efforts should be made to improve this situation and raise the
quality standards of this important industrial sector. As previously stat-
ed in Section 3.1, other feature extraction methodologies can also be
tested in the future. The same applies to additional classifiers, including
those having non-linear structures. However, those are not recom-
mended in this study, given the limited number of samples available.
Nevertheless, LDA revealed to be very effective in discriminating the
different styles of Madeira wine, with 5 year old, contemplated in the
case study.

Another aspect worthwhile considering in the future is using several
class-specific models for different time of ageing to monitor the ageing
process. Thismay bring added value for caseswhere the target is set to a
longer ageing period (10–20 years), as ageing trends become more
complex in these situations requiring more structure to be properly
monitored. However this is not the case for the current case study, for
which a simpler approach, based on a single referencemodel, was suffi-
cient to capture the essential of the ageing dynamics.

In summary, together with the results of particular interest for the
Madeira wine sector, namely the comparison of Estufagem and Canteiro
ageing processes taking into account different wine chemical data sets,
the present work proposes and validates a new tool for monitoring the
evolution of wine ageing, in a simple and informative way.

5. Conclusions

In this paper we address the issue of monitoring the wine ageing
process. Wine physicochemical data yielding information of a differ-
ent and complementary nature was analyzed. More specifically,
samples were analyzed in terms of polyphenol composition, furanic
and reducing sugars, organic acids, color parameters and routine
quality control parameters. Data analysis involved data pretreat-
ment, feature extraction (dimensionality reduction) techniques,
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classification methods and the evaluation/validation of all the
combinations of options tested.

The results achieved show that it is indeed possible to monitor wine
evolution during the ageing process, towards the desired characteris-
tics. Our study also revealed the benefits of applying the Estufagem
ageing process to the high-quality Madeira wines.
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