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J.M. Jurado, A. Alćazar, F. Pablos∗, M.J. Mart́ın, A.G. Gonźalez
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Abstract

Zinc, boron, iron, magnesium, calcium, sodium and silicon were determined in aniseed drinks by inductively coupled plasma-atomic
emission spectrometry (ICP-AES). These elements were considered as chemical descriptors to characterise Spanish-certified aniseed drinks
brands of origin. Different pattern recognition (PR) procedures were applied for these purposes. This chemometric study have included
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methods like principal component analysis (PCA), non-supervised PR techniques such as cluster analysis (CA), supervised PR
hard modelling like linear discriminant analysis (LDA) and soft independent modelling of class analogy (SIMCA).
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1. Introduction

Trace elements can be very useful as markers for iden-
tification of the product’s geographical origin and authen-
ticity [1–6]. Assessment of food sample’s origin has been
mostly conducted through multivariate analysis in combi-
nation with pattern recognition techniques[7–10]. Aniseed
drinks are obtained by distillation of pressed fermented
grapes, dregs and other fermented saccharate raw mate-
rials, flavoured with star aniseed (Illicium verum), green
aniseed (Pimpinella anisum), fennel (Foeniculum vulgare)
or some other plants. This kind of beverage is very pop-
ular in Spain and it has been produced for centuries. It is
produced in many locations around the country and sev-
eral of them are elaborated under controlled conditions and
can be considered quality products. The composition and
manufacture of these drinks in the European Union is ruled
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by the Community Directive 1576/89/EEC[11]. In this Di-
rective, three certified brands of origin are considered
Spanish aniseed drinks, namely Cazalla, Chinchón and Rute
As a consequence, it is of great importance to have
lytical methods to differentiate between authentic produ
and others with different origin that could pass as authe
ones.

In this paper, Zn, B, Fe, Mg, Ca, Na and Si have been de
mined by inductively coupled plasma-atomic emission sp
trometry (ICP-AES) in samples of Spanish aniseed dr
from the three certified brands of origin and others not belo
ing to these classes. Those elements were used as che
descriptors to apply methods like principal component a
ysis (PCA), non-supervised pattern recognition techniq
such as cluster analysis (CA) and supervised techni
like linear discriminant analysis (LDA) and soft independ
modelling of class analogy (SIMCA). These chemome
techniques have been used to classify samples belongi
the brands of origin and to differentiate them from samp
with other origin.
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Table 1
Classification and characteristics of the aniseed drinks samples

Code Number of samples Certified brand of origin

C 22 Cazalla
Ch 8 Chinch́on
R 6 Rute
NCa 38

a Samples not included in any of the certified brands of origin.

2. Materials and methods

2.1. Apparatus and software

A Fisons-ARL 3410 inductively coupled plasma-atomic
emission spectrometer (FISONS Instruments, Valencia, CA)
equipped with a Minitorch and a Meinhard nebulizer was
used for metal determinations. The operating conditions were
described in a previous work[12]. The statistical package
Statistica 5.5 from Statsoft[13] was used for PCA, CA and
LDA calculations. SIMCA calculations were performed us-
ing SIMCA P software for multivariate modelling and anal-
ysis from Umetrics[14].

2.2. Reagents and samples

Titrisol (Merck) stock solutions (1000 mg/l) were used to
prepare working standards. Nitric acid (65%) and hydrogen
peroxide (30%) of analytical grade, used in the mineralisation
procedure, were from Merck. Ultrapure Milli-Q water was
always used.

Samples (N= 74) were obtained from local stores, belong-
ing to the three typical Spanish-certified brands of origin and
others of different origins. All samples were contained in
glass bottles and stored at 4◦C until analysis.Table 1re-
sumes the codes used to identify the samples indicating their
g

2
s

hem
w n-
d -
l ES
d

3

3
a

ele-
m a was
t and
1 rvals

9.518–0.195, 11.911–0.012, 5.096–0.169 mg/l, respectively.
Zn, B and Fe were present at lower concentrations, with val-
ues less than 0.178 mg/l. Considering the average values in
each group of samples maximum differences were obtained
for the contents in Ca, Mg, Na, Zn and Si. In a first approach,
these elements could be considered as good chemical de-
scriptors to differentiate samples from different origins. In
this way, a chemometric study was carried out to discrimi-
nate between the considered certified brands of origin.

3.2. Classification of aniseed drinks

In order to construct the classification model, samples be-
longing to the known certified brands of origin (classes C,
R and Ch) were considered. Consequently, for chemometric
calculations a data matrix with seven columns, correspond-
ing to the determined elements and 36 rows, corresponding
to the analysed aniseed drinks with certified brand of origin
was built. Auto scaled data were used in all calculations. The
remaining samples, labelled as NC, have a very heteroge-
neous origin and do not correspond to any of the previous
classes. These samples were used to check the efficiency of
the classification model.

3.2.1. Principal component analysis
In order to find possible tendencies in the samples and the
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.3. Determination of boron, iron, magnesium, calcium,
odium, silicon, zinc by ICP-AES

Samples were previously mineralised by treating t
ith a mixture of HNO3/H2O2 (10:1) according to the co
itions established in a previous work[12]. The obtained so

utions were suitably diluted and filtered before the ICP-A
eterminations.

. Discussion and results

.1. Determination of Zn, B, Fe, Mg, Ca, Na and Si in
niseed drinks by ICP-AES

Table 2shows the obtained contents of above-cited
ents in the analysed samples. It can be observed that N

he metal with higher contents ranging between 215.322
.267 mg/l. Ca, Mg and Si presented values in the inte
iscriminant power of the variables, PCA was applied.
sing PCA, then-dimensional data set can be plotted
maller number of dimensions, usually 2 or 3. This all
he observation of groupings of cases, which can defin
tructure of the data set. PCA finds the maximum varia
n the data set and forms new variables known as prin
omponents (PCs). Each successive PC accounts for as
f the remaining variability as possible and each new var
ust be totally independent of all other variables[15]. After
pplying PCA to our data set, three PCs were extracted
ercentage of variance explained by each PC is 44.80,
nd 16.79%, respectively. According to the loadings of
ariables in the first PC (Table 3), the most contributing
criptors were Si, Mg, Ca and Zn. On the other hand, the
elation matrix shows strong correlations between Zn, Ca
g and also between Na and Si. Thus, Mg and Si explai

hemselves, the observed variance and can be consider
ost discriminant variables. When representing the sc
f the samples in the three-dimensional space defined b
alculated PCs (Fig. 1), several groups of samples ap
amples of the same certified brand of origin show ce

rends to be grouped thought this fact do not happen i
ases.

.2.2. Cluster analysis
In order to assess this tendency, a hierarchical agglo

tive cluster analysis of samples was performed[16]. This
rocedure finds natural groupings of the data set. Acco

o PCA findings, Mg and Si were found to be the descrip
ith more contribution. Consequently, cluster analysis
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Table 2
B, Ca, Fe, Mg, Na, Si, Zn average concentrations (mg/l) and ranges found in aniseed drinks

Origin C Ch R NC

B 0.032± 0.038 (0.001–0.112) 0.005± 0.002 (0.002–0.006) 0.004± 0.001 (0.003–0.005) 0.030± 0.032 (0.003–0.104)
Ca 0.989± 0.364 (0.557–1.748) 0.568± 0.197 (0.302–0.860) 2.862± 0.153 (2.634–3.030) 4.399± 2.660 (0.195–9.518)
Fe 0.026± 0.019 (0.004–0.087) 0.059± 0.035 (0.025–0.115) 0.030± 0.009 (0.017–0.039) 0.049± 0.043 (0.003–0.178)
Mg 0.393± 0.175 (0.119–0.670) 0.029± 0.011 (0.012–0.045) 2.246± 0.106 (2.163–2.447) 5.551± 3.522 (0.133–11.911)
Na 40.041± 12.908 (23.350–64.497) 1.609± 0.163 (1.267–1.765) 17.076± 0.917 (16.048–18.488) 46.783± 70.374 (8.384–215.322)
Si 2.378± 0.569 (1.225–3.354) 0.292± 0.059 (0.180–0.340) 0.189± 0.014 (0.169–0.221) 2.353± 1.263 (0.639–5.096)
Zn 0.015± 0.012 (0.003–0.05) 0.019± 0.002 (0.017–0.023) 0.051± 0.029 (0.033–0.103) 0.031± 0.026 (0.002–0.107)

Average± standard deviation. Concentration ranges in brackets.

Table 3
Factor loadings in the three first principal components

Variable Factor 1 Factor 2 Factor 3

Zn 0.724086 −0.453204 −0.321403
B −0.376071 −0.630008 −0.526243
Fe 0.187933 0.373333 −0.832462
Mg 0.819599 −0.416525 0.311755
Ca 0.762437 −0.603528 −0.016428
Na −0.681718 −0.640812 0.068043
Si −0.846836 −0.455521 0.006301

applied by using Mg and Si as variables. Taking the Euclidean
distance as similarity measurement and the Ward’s method
as amalgamation rule, three clusters were obtained.Fig. 2
shows the corresponding dendrogram, where C, R and Ch
samples are grouped in three different clusters. In the amal-
gamation schedule, the samples were grouped in clusters that
correspond to their brand of origin membership. As cluster
analysis was carried out using two variables, Mg and Si, sim-
ilar information could be obtained from a variable–variable
plot, as can be seen inFig. 3.

F sional
s

Fig. 2. Dendrogram of aniseed drinks samples using Mg and Si as variables.
C, Cazalla; R, Rute; Ch, Chinchón.

3.2.3. Linear discriminant analysis
Because of the a priori knowledge of the class membership

of the samples, it is possible to apply supervised PR methods
to the data. In this case, the 36 samples of aniseed drinks
belong to three different classes, corresponding to the brands
of origin: Cazalla (C), Rute (R) and Chinchón (Ch). LDA
enables to calculate discriminant functions as linear combi-
nations of the selected descriptors, which maximize the ratio

Fig. 3. Mg–Si plot.

ig. 1. Scores plot of the aniseed drinks samples in the three-dimen
pace of the first PCs. C, Cazalla; R, Rute; Ch, Chinchón.
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Fig. 4. Scatter plot of the aniseed drinks samples in the space of the two
discriminant functions.

between-classes sum of squares and the within-classes sum of
squares[17]. After applying LDA, two discriminant functions
were obtained.Fig. 4 shows the distribution of the samples
in the plane of the two calculated discriminant functions. As
it can be observed a complete separation of the three consid-
ered classes was achieved. The recognition ability, according
to the a posteriori probabilities were 100% for each class. The
leave one out method[18] was used as cross-validation pro-
cedure to evaluate the classification performance. The pre-
diction abilities were of 100% for all classes. Though an
excellent classification was achieved, false-positive or false-
negative can be present but not detected. A soft modelling
method can be applied to detect them.

3.2.4. Soft independent modelling of class analogy
SIMCA [19] constructs a PC model for each class sepa-

rately in the training set. The perpendicular distance of any
object to the hyperplane defined by the first PCs is used
for classification purposes. Every considered sample is as-
signed to one class according to its distance from the class
model. In our case, each class was fitted to two PCs, leading
to two-dimensional hyperboxes with a critical normal dis-
tance for assignation purposes. SIMCA, being a soft mod-
elling procedure, enables us to detect the number of false-
positive/negative for each class. For these purposes, two pa-
rameters sensitivity (SENS) and specificity (SPEC)[20,21]
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Fig. 5. Cooman’s plot.

positive (FP) and of false-negative (FN) according to the fol-
lowing rules for an ideal class A:

%FN = 100

(
1 − 〈nA〉

nA

)
, %FP= 100

(
1 − 〈n′

A〉
n′

A

)

wherenA is the number of objects belonging to class A,n′
A

the number of objects not belonging to class A,〈nA〉 the
number of objects belonging to class A and correctly classi-
fied as of A, and〈n′

A〉 the number of objects not belonging to
class A and correctly classified as non-A. Accordingly, in our
study, the percentages of FN and FP for each studied class
were calculated, being the number of false-positive/negative
less than 5%, even zero in the case of R and Ch samples. In
Table 4, confusion matrix of the model indicating the cor-
rect/incorrect predictions for each class and also for the NC
group of samples is presented.

The separation of the studied classes can be easily shown
by using the Cooman’s plot, as it can be seen inFig. 5. More-
over, due to the soft-modelling features of SIMCA, new sam-
ples (belonging or not to one of the studied classes) can be
tested for class memberships. If we consider the set of sam-
ples without certified brand of origin (NC), none of them are
assigned to the three classes according to SIMCA. InFig. 5,
these no class (NC) samples appear far from the class boxes.
This fact confirms the efficiency of the constructed model for
the classification of aniseed drinks of the Cazalla, Rute and
C
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ere used to validate the classification procedure. SEN
class is referred to the number of objects belonging to

lass that are correctly classified. SPEC of a class corres
o the number of objects not belonging to this class tha
orrectly considered as belonging to different classes. T
eatures can be easily transformed to the number of f

able 4
onfusion matrix for the three considered classes

Cazalla Rute Chinch́on

redicted/actual − + − + − +

52 0 66 0 68 0
1 21 0 8 0 6
hinch́on brands of origin.

. Conclusions

From these results, it can be concluded that the conte
n, B, Fe, Mg, Ca, Na and Si are good chemical param

o carry out the authentication of the three brands of orig
panish aniseed drinks. Mg and Si are the most discrim
ariables for this purpose.
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