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Introduction

The classification of product brands and quality of origin is
a very active area for the application of chemometric clas-
sification procedures [1,2]. The application of pattern recog-
nition techniques for the classification of wines and alco-
holic beverages has widely increased in recent years. After
the works of Kwan and Kowalski on the classification of
wines of Vitis Vinifera cv. Pinot Noir from France and the
United States [3-5] a number of examples have been
reported in literature. Pattern recognition methods have been
used in the characterisation and classification of wine and
alcoholic beverages: Galician (Spain) wines with metal ions
[6-8], Venetian (Italy) wines with classical determinations
plus aroma compounds [9], Portuguese wines with free
amino acids [10], French red wines with elements, amino
acids and aromatic alcohols [11] and German wines with
volatile compounds, non-volatile acids and amino acids [12].
Multivariate chemometric techniques were used to classify
alcoholic distillates and develop a typification model for
Galician liquors, on the basis of data from chromatographic
analysis [13].

Minerals seem to be the primary candidates for a finger-
print as they are stable. The metallic composition of wine
depends on many factors, some of which are related to the
specific production area: grape varieties, soil and climate,
culture and wine making practices, yeasts and such. The
kind of soil has a fundamental influence, as does the clima-
tology and the geographical situation of the producing area.

The variety of grape is also a very important factor in the
content of metallic elements in wine. Other factors that con-
tribute to the metal content are the availability of these ele-
ments in soil, fertilising practices and processing conditions.
Due to the influence of all these factors a great variability
in the metal content in wines from different areas, regions
and countries is observed. Determination of typical levels of
metal in wines is a very useful tool to differentiate wines
from different geographic origins and different Certified
Brands of Origin (CBO) as well as to detect adulterations
and falsifications of wines. 

Atomic absorption spectrometry is the classic technique
for the determination of the mineral content in wine sam-
ples. Atomic absorption, although adequate for parts per mil-
lion (flame) and ppb determination (furnace), lacks the abil-
ity to carry out simultaneous determinations. In most cases
the mineral content of foods is determined by ion chro-
matography, atomic absorption spectrometry or inductively
coupled plasma combined with atomic emission spectrome-
try. As an alternative technique, capillary electrophoresis can
be readily applied to the analysis of both anions and cations.
Capillary electrophoresis has important advantages with
respect to other commonly used techniques: rapid analysis,
versatility, determination of several analytes in a single
analysis and good detection limits. Because of these advan-
tages, several research reports have described the determi-
nation of cationic mineral elements – potassium, sodium,
calcium and magnesium – in a variety of food matrices [14,
15].
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The production of quality wines has special economic
importance in certain vitivinicole regions of Galicia
(Northwestern Spain). To achieve a Certified Brand of
Origin (CBO) wines must be elaborated with grapes grown
in vineyards located in a controlled geographical area
employing only the varieties authorized by the CBO
Council. Wines are subjected to certain rules related to the
alcoholic content and the acidity. Finally, wines are judged
by their organoleptic properties by a expert taste panel. The
(CBO) wines from Ribeira Sacra, a restricted wine-growing
region of Galicia, are typically young red wines produced
with a high percentage (more than 70 %) of the Mencía
grape variety. Brancellao and Caíño are other traditional
Galician grape varieties that may be used in a minor pro-
portion. The same or similar grape varieties are also
employed in the elaboration of wines in some nearby geo-
graphical areas such as Ribeiro CBO and Valdeorras CBO.

The purpose of this study is to differentiate between red
wines with Ribeira Sacra CBO from other Galician wines
produced in two nearby CBO such as Ribeiro and Valdeorras
that can be used as substrate for falsification of genuine
Ribeira Sacra wines due their similar organoleptic proper-
ties. The basis for this differentiation is the content of some
selected metals (Na, K, Ca, Mg, Mn and Li) determined by
capillary electrophoresis with a single analysis.

Experimental

Wine samples

Twenty-five samples of Galician red wines were analysed.
To be sure about the geographic origin of the wines and the
grape varieties which have been utilized in making it, the
wine samples of the production areas were collected as fol-
lows. Fifteen samples with Ribeira Sacra, CBO represent-
ing the main producers of this region, were provided by the
Certification of Origin Council in the production area. The
rest were Galician red wines of two origins: five samples
from Ribeiro CBO and five samples from Valdeorras CBO
were collected directly by the authors. All of the wines came
from unsuspicious origin and were made with the traditional
varieties for these Spanish producing regions during the
period 1994-1995. For differentiating purposes, Ribeira
Sacra wines were considered class RS, while Ribeiro and
Valdeorras wines as class N-RS. Samples were stored at 
3-4 °C before analysis. 

Analytical procedure

The content of Na, K, Ca, Mg, Mn and Li was determined
by capillary electrophoresis. A simple dilution (1:10) of the
sample with ultra pure water provided by a Milli-Q water
purification system (Millipore Bedford, MA, USA) was nec-
essary prior to injection in the capillary electrophoretic
device. Filtration is not really needed. However, if dregs are
present in the wines, the clean-up procedure consists of
microfiltration through a 0.45µm Millex HA filter
(Millipore Co.). A Waters Quanta 4000 electrophoretic 

system equipped with a fused silica capillary, 60 cm ×
75 µm (Composite metal services Ltd.) was used. The run-
ning buffer was 5 mM Cia-Pack UV-cat-1 (Waters
Chromatography Milford, MA Reagent WAT 054780),
6.5 mM α-hidroxyisobutiric acid (HIBA) (Fluka Chemica,
Buchs, Switzerland, Ref.: 55390) and 2 mM 18-crown-6-
ether (Merck Darmstadt, Germany, Ref.: 8.11684.0500) at a
final pH 4.5. The applied voltage was 22 kV that provided
a current intensity of 4.5± 1 µA. Samples were injected
using hydrostatic injection for 30 seconds and indirect UV
detection at 214 nm was used. The developed method shows
good precision in migration time, and peak area, the values
of the percentage of relative standard deviation (% RSD)
ranged 0.09 to 0.209 for the migration time and 2.5 to 3.4
for the peak area. The linearity of the method was proven
up to 150µg·L–1 for Li and to 300 mg·L–1 for the other
cations. The calibration lines obtained, representing peak
area vs. concentration for each analyte, presented a correla-
tion coefficient of 0.999 or better in all cases. The obtained
detection limits were adequate to determine the six consid-
ered cations in the concentration usually present in wines.
The results of the recovery were satisfactory for all the ele-
ments studied with values comprised between 92 and 102 %.
The optimization of the complete procedure, its analytical
characteristics and the comparison of the results obtained
with those provided by atomic spectroscopy have been
described in detail in a previous work [16]. Under the con-
ditions mentioned above, an example of the electrophero-
gram obtained for a wine sample from CBO Ribeira Sacra
is presented in figure 1.

Data analysis

The data analysis was performed in three steps. 

1. Firstly, a preliminary data analysis by cluster and princi-
pal components analysis was performed. Cluster analysis
describes the nearness between wine samples (objects). A
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Figure 1. Electropherogram of a sample corresponding to Ribeira
SacraCBO wine.



similarity matrix was built using the autoscaled data. The
elements of this matrix were the squared Euclidean dis-
tances of one object from the rest. To obtain clusters, the
Ward method was used. In each step this agglomerative
method considers the heterogeneity or deviance (the sum
of the square of the distance of an object from the
barycenter of the cluster) of every possible cluster that
can be created by linking two existing clusters [17].
Principal component analysis was used to provide a data
structure study in a reduced-dimension retaining the max-
imum amount of variability present in the data. The prin-
cipal components or eigenvectors are orthogonal and they
are a linear combination of the original variables [18].

2. Secondly, classification techniques LDA [19], KNN [20]
and SIMCA [21] were applied to complete data set with
all samples as training set, divided in a two category
arrangement: Ribeira Sacra wines (class RS) and Non-
Ribeira Sacra wines (class N-RS). 

3. In step three, validation of the classification systems
developed in step 2 was performed by means of a cross-
validation method with 25 % of samples as the test set.
The same process was repeated four times with different
compositions of both training and test sets, to ensure that
all samples were included in the test set at least once. The
performance of the classification model for the three clas-
sification procedures has been studied in terms of recog-
nition and prediction abilities. The recognition ability is
characterized by the percentage of the members of the
training set that are correctly classified. The prediction
ability is determined by the percentage of the members
of the test set correctly classified by using the classifica-
tion rules developed during the training step. 

Pattern recognition analysis was performed by means of
the statistical software packages Statgraphics [22] and
Parvus [23].

Results and discussion

The results of the six selected metals for the Ribeira Sacra,
Ribeiro and ValdeorrasCBO wines are presented in table I.
The levels obtained in Galician wines were comparable to
those reported by other authors in wine samples from
Galicia [6-8].

The search for natural groupings among the samples is
one preliminary way to study the data structure. The results
of the cluster analysis are shown as a dendrogram in fig-
ure 2. The results obtained showed the presence of wine
clusters; the data of metal content in wines contained infor-
mation useful in achieving a category classification that con-
firms the origin of the wines. At a similarity level of 0.6,
three clusters were found. The first cluster contained all N-
RS wines from CBO Valdeorras. The second cluster was
made of wines from classes RS and N-RS (in this case
Ribeiro CBO wines) brands and the third cluster is formed
only by wines of RS class.
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Table I. Metal content in Galician red wines (all results are in
mg·L–1 except Li, which is in µg·L–1).

Element Mean SD Max Min

Ribeira Sacra Wines 
Li 46 20 85 19  
Ca 68.1 9.3 86.1 50.7  
Na 10.8 7.2 22.8 1.0  
Mg 70.1 4.2 77.3 64.7  
Mn 4.4 3.3 9.5 0.6  
K 1116 145 1368 923  

Ribeiro Wines 
Li 51 10 64 40  
Ca 78.2 8.4 92.7 71.0  
Na 24.2 24.6 67.7 7.7  
Mg 75.5 6.4 85.8 70.6  
Mn 0.5 0.1 0.6 0.4  
K 1055 136 1202 839  

Valdeorras Wines 
Li 46 25 72 20  
Ca 27.7 3.0 30.6 22.8  
Na 8.0 3.6 12.0 4.0  
Mg 21.0 3.5 26.5 16.8  
Mn 0.8 0.3 1.2 0.5  
K 1702 118 1883 1562

Figure 2. Dendogram of cluster analysis of wines with Ribeira
Sacraorigin (class RS) and Non-Ribeira Sacraorigin (class N-RS).



Principal component analysis was performed in the com-
plete data set. From the loadings of features in the first and
second principal components (see Tab. II), potassium, cal-
cium and magnesium are the dominating features in the first
principal component (47.42 % of the total variability). This
fact can be explained because calcium and magnesium con-
tents in wines will be influenced by the soil conditions, the
treatment of the musts with calcium carbonate, the pH, the
time and temperature of storage and the use of fining agents.
The potassium content in wine is influenced by the variety
of grapes, soil and climatic conditions, time of harvest and
other variables such as the temperature of fermentation and
storage, the pH and the use of ion-exchange resins. Due to
the great number of factors influencing the content of this
metal in wine, the levels of potassium are different accord-
ing to the type of wine, their geographical origin, etc. The
second principal component is dominated by the contribu-
tion of sodium, manganese and lithium. This fact can be
chemically explained because lithium and manganese are
related to the kind of soil. The sources of sodium in wines,
apart from natural concentration, are the addition of sodium
salts such a sulphite, sorbate and (in some countries) sul-
phide. In Spain, sodium chloride may be added to improve
clarification. Hence, this principal component can be asso-
ciated with factors like soil and the kind and quantities of
additives used in winemaking. The first three principal com-
ponents, which account for 83 % of the total variability,
were considered to be sufficient for such data. Group iden-
tification by PCA achieved interesting results. When a three-
dimensional plot of the objects in the space defined by the
three principal components was drawn, a natural separation
of the objects (wine samples) according to their origin was
achieved (Fig. 3). Wines of Ribeira Sacraorigin form a sep-
arate group and wines of Ribeiro and Valdeorras origin
appear in two other separated groups. In this factor space,
Valdeorras wines make up a well-separated group. This
result is consistent with the conclusion obtained by cluster
analysis, where all Valdeorras origin wines were grouped in
a single cluster. Ribeira Sacra and Ribeiro are the two clos-
est groups as in cluster analysis where some Ribeira Sacra
CBO wines were clustered with Ribeiro CBO wines.

In the second step of data analysis, LDA, KNN and
SIMCA were applied to the complete data set after autoscal-
ing to eliminate the effect of different size variables. In this
step, all the samples are in the training set. LDA achieved
a percentage of 93.3 % of correct classification for RS wines

(one sample misclassified) and 80.0 % for N-RS wines (two
samples misclassified). KNN, that were applied using the
inverse square of the Euclidean distance and K = 3, pro-
duced a level of hits similar to LDA: 93.3 % for RS and
70.0 % for N-RS wines. For both classification procedures,
a high level of correct assignation of wines from Ribeira
Sacra with a percentage of success higher than 90 % was
achieved. A less successful result was obtained for the Non-
Ribeira Sacra wines. This fact indicates that, in these cases,
the pattern recognition procedure is more sensitive for
Ribeira Sacra wines; the probability of a Ribeira Sacra wine
being classified as Non-Ribeira Sacra is low. However, a
minor level of hits in classification of Non-Ribeira Sacra
suggests that there exists a certain probability that a Non-
Ribeira Sacra wine might be considered as genuine Ribeira
Sacra. This result coincides with the one obtained by PCA
and cluster analysis, where some samples from Non-Ribeira
Sacra origin were grouped into genuine Ribeira Sacra wines
(see Figs. 1 and 2). On the contrary, SIMCA performed a
more sensitive model for N-RS wines, 90.0 % of the objects
belonging to the category N-RS were correctly classified as
N-RS class, while only 73.3 % of RS wines were assigned
to RS class. This fact can be explained by taking into
account that SIMCA is a modelling technique. There exists
an important difference between modelling (as SIMCA) and
classification methods (as LDA and KNN); the last proce-
dures only divide the multidimensional space of the vari-
ables in disjoint zones corresponding to each category, and
a considered sample is classified in one category or another
according to its position in the multivariate space. Modelling
procedures involve the construction of an enclosure for each
category in the space determined by the six metallic vari-
ables.
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Table II. Loadings of the variables in the first three principal com-
ponents.

Variable

Li Na K Mn Ca Mg  

Principal component 1–0.059 –0.168 0.554 –0.170 –0.561 –0.563  
Principal component 2 0.608 –0.463 0.015 0.640 –0.049 –0.056
Principal component 3–0.664 –0.721 –0.092 0.125 0.044 0.111  

Figure 3. Eigenvector projection of wine samples. RS: Ribeira
Sacra origin; N-RS: Non-Ribeira Sacra origin.



In step three, in order to check the reliability of the clas-
sification between the RS and N-RS wines obtained in the
previous step, the wine samples were divided into a training
(or learning) set consisting of 75 % of them and a test (or
evaluation) set consisting of the remaining 25 %. Such divi-
sion allows for a sufficient number of samples in the train-
ing set as well as a representative number of wines in the
evaluation set. In order to reach a satisfactory test of the
recognition and prediction ability of each method and to see
how well the samples could be classified quantitatively, the
previous procedure of division into training and evaluation
sets was repeated four times to obtain four different files
with diverse constitutions of the two sets. The three classi-
fication procedures were applied to the four mentioned files.
The results obtained in terms of percentage of recognition
and prediction abilities are presented in table III. All the
classification methods achieved a level of correct classifica-
tion and prediction comparable to those obtained in step 2,
confirming the previously indicated differences in sensititiv-
ity: LDA and KNN for RS-class, and SIMCA for N-RS
class. The adequate agreement between recognition and pre-
diction abilities means that the decision rules do not depend
too much on the actual objects in the training set: the solu-
tion obtained is stable [20]. Due to the high level of correct
recognition and prediction for the wines from Non-Ribeira
Sacra origin, it was demonstrated that SIMCA produced a
model that can be used to detect RS falsifications, the prob-
ability of a N-RS wine being considered genuine RS is
small. The combination of the three chemometrical proce-
dures makes for a method to differentiate Ribeira Sacra
CBO from the wines of two other CBO from Galicia,
Ribeiro and Valdeorras, and to detect falsifications of gen-
uine RS brand wines.

Conclusions

Pattern recognition is able to extract useful information for
an amount of data. Information about the content of selected
metals in wines from Galicia was used to differentiate

between wine samples of different origin. Levels of Ca, Na
and Mg in wines can be influenced by regional variations of
soil and type and quantity of additives used in the wine elab-
oration. On the other hand, the content of K is determined
by the variety of grapes, soil and climatic conditions, time
of harvest, and other variables such as the temperature of
fermentation and storage, the pH, the alcoholic degree and
the use of ion-exchange resins. The level of Li is related to
the soil. The content of this element is very important in
regions that have a granite substrate. The level of Mn is
related to the soil, grape variety and climatology of an area.
PCA and cluster analysis reveals the occurrence of group-
ings between the analysed samples according to their brand. 

The content of selected elements in wine can be used to
obtain a successful regional classification. LDA, KNN and
SIMCA achieved adequate levels of correct classification
and prediction, based on stable decision rules, to confirm the
authenticity of Ribeira Sacra CBO wines and to distinguish
them from similar wines produced in other Galician CBO’s
such as Ribeiro and Valdeorras. Thus, the potential of pat-
tern recognition techniques in the classification of Galician
Ribeira Sacrared wines has been demonstrated. However,
these results are based on a limited sample set; therefore,
more developments with a higher training set that include
other possible sources of variation will be necessary in order
to obtain an optimised authenticity test that is capable of
providing conclusive evidence from a regulatory point of
view. 
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