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Quantitative structure–property relationships (QSPRs) were applied to the aminograms obtained by HPLC
in our laboratories for Torrontés and Merlot wines. Dragon theoretical descriptors were derived for a set
of optimized amino acid structures with the purpose of establishing QSPR models. The statistical Replace-
ment Method was used for designing the best multi-parametric linear regression models, which included
structural features selected from a pool containing 1497 constitutional, topological, geometrical or elec-
tronic molecular descriptors. Predicted QSPR results were in good agreement with experimental amino
acid profiles. The developed QSPR approach showed to be of practical value for distinguishing each wine
varietal, and for calculating experimentally non-available amino acid concentrations of Torrontés and
Merlot wines. It was also useful for assessing wine authenticity; the models were especially suitable
for Merlot and Torrontés wines.

� 2013 Elsevier Ltd. All rights reserved.
1. Introduction free amino acid content of wines is closely related to quality,
The determination of wine authenticity is a crucial issue in wine
quality control and safety. The fingerprint of food allows its univo-
cal identification and characterization. Therefore, it is necessary to
use biomarkers to characterize a wine, as well as other foods.
Knowledge of the biomarker concentration profile behavior is fur-
ther essential during manufacture and control processes of wines
(Arvanitoyannis, 2003, chap. 20).

The evolution of amino acids and ammonium during grape rip-
ening had recently been reported and was used to differentiate
grape varieties and (organic and nonorganic) cultured systems
(Garde-Cerdán et al., 2009). Not only amino acids (Košir & Kidric,
2002; Soufleros, Bouloumpasi, Tsarchopoulos, & Biliaderis, 2003),
but also anthocyanins (Košir & Kidric, 2002), aroma compounds
(Zalacain, Marín, Alonso, & Salinas, 2007) and metals (Ajtony
et al., 2008) had been reported to typify wines.

The amino acid content of grapes is dependent on climate con-
ditions, culture, and soil managements (Molnár-Perl, 2005). But the
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authenticity, and the technology of winemaking. Amino acids
had been used as a criterion of authenticity in different countries,
thus displacing other so far used criteria, such as those based on
anthocyanins. Amino acids had shown to be more stable, safe
and reliable (Arvanitoyannis, 2003, chap. 20; Molnár-Perl, 2005).
Therefore, the profile of free amino acids and ammonia (amino-
gram) of white and red wines had previously been determined in
our laboratories by high performance liquid chromatography
(HPLC) with fluorescence and UV detection (Giraudo et al., 2006).

In the present work, the interest was focused on Torrontés and
Merlot Argentine wines. Argentina is the fifth largest world wine
producer with a long list of premium varieties (Organisation Inter-
nationale de la Vigne et du Vin, 2009), such as the white wine, Tor-
rontés (Morosi, 2008). Torrontés is the most distinctive of all
Argentine wines, including both white and red, because Argentina
is the only country to produce it. It had been considered a wholly
Argentine variety (emblem of Argentine white wine). This grape
is part of the criollo vines (Atkins, 2009).

Multivariate analysis as principal component analysis (PCA),
discriminant analysis (DA), canonical analysis (CA), cluster analysis
(CLA), had, in most cases, been used in wine differentiation and
classification according to geographical origin (Arvanitoyannis,
2003, chap. 20). Also, a new classification method, called
Classification and Influence Matrix Analysis (CAIMAN), based on
the influence matrix (or leverage matrix) had recently been pro-
posed for the geographic classification of samples of wine and olive
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oil, and the results had been compared with DA, by focusing great
attention on the model predictive capabilities (Todeschini,
Ballabio, Consonni, Mauri, & Pavan, 2007).

The aim of this work was to obtain Merlot red wine and
Torrontés white wine at a pilot scale using industrial parameters,
carrying it out by the support of a local wine factory that provided
the facilities. The yeast strains, Saccharomyces cerevisiae var.
bayanus, S. cerevisiae var. ellipsoides, and native flora (yeasts and
bacteria) were used.

Since aminograms are not clear enough for non-expertise peo-
ple to distinguish both wine varietals, a mathematical model was
searched in order to discriminate between both Torrontés and
Merlot Argentine wines. Therefore, the aim was focused on the de-
sign of predictive QSPR models (Hansch & Leo, 1995) (Duchowicz,
Giraudo, Castro, & Pomilio, 2011; Pomilio, Duchowicz, Giraudo &
Castro, 2010b; Pomilio, Giraudo, Duchowicz & Castro, 2010a),
which could serve as suitable tools for estimating aminograms of
Merlot red and Torrontés white wines, whose experimental data
had been obtained in our laboratories.

In the present analysis, a pool containing 1497 theory-based
descriptors (Katritzky, Lobanov, & Karelson, 1995; Todeschini &
Consonni, 2000) was explored computed by means of the Dragon
software, and established QSPRs for each white and red wine under
analysis by means of the Replacement Method technique
(Duchowicz, Castro, Fernández, & González, 2005; Duchowicz,
Mercader, Fernández, & Castro, 2008a; Duchowicz, Talevi,
Bruno-Blanch, & Castro, 2008b).
2. Materials and methods

2.1. Materials

The following reagents and solvents were used for liquid chro-
matography: Trihydrated sodium acetate, HPLC grade; triethyl-
amine, p.a.; disodium EDTA, p.a.; 85% phosphoric acid, p.a.;
acetonitrile HPLC grade (JTBaker, Interchemistry, Buenos Aires,
Argentina). The internal standards norleucine and a-aminobutyric
acid (AABA) were purchased from Sigma (USA). Water was ob-
tained by filtration through a Milli-Q system, and samples were fil-
tered through Millex-SLCR13 Millipore filters (Biopore, Buenos
Aires, Argentina). All solvents were filtered daily through
GVWP04700 Millipore filters (Buenos Aires, Argentina).

AccQ�Tag kit contained an ampoule with 17 standards of amino
acids each with a concentration of 2.5 mM, except for cystine,
which had a concentration of 1.25 mM.
2.2. Instrumentation and chromatographic conditions

An Agilent liquid chromatograph Model 1050 was used, com-
posed of a ternary pump, on-line vacuum degasser, automatic
injector, column oven, microbore connectors; UV–Vis variable
Model C detector with 1 ll-cell; Model 1046 fluorescence detector
and HP 3396 II Integrator.

A C18 Hypersil column (200 mm length � 2.1 mm i.d.; 5 lm of
particle diameter; pore diameter of 12 nm) and a C18 guard column
of 3.9 � 20 mm were used. As mobile phase the following ternary
system was used: Solvent A: 140 mM sodium acetate, 17 mM tri-
ethanolamine, pH 5.05, containing 1 mM disodium edetate. Solvent
B: Acetonitrile, HPLC grade. Solvent C: Water, HPLC grade. The pur-
ity of the mobile phase was monitored by blind tests by UV and
fluorescence detection. Alternative Solvent B for high-pressure
mixing systems: 60% acetonitrile.

The system was balanced with 100% Solvent A for 10 min before
injecting the sample. Complete separation using a ternary gradient
(Millipore Corporation) lasted ca. 35 min, including column
rebalance.

Flow rate: 0.33 mL min�1. Detection: UV: 248 nm. Fluorescence:
excitation at 250 nm and emission at 395 nm. Oven temperature:
40 �C. Injection volume: 5 lL.

Retention times were recorded. Measuring the relative concen-
tration percent to total concentration of main amino acids assessed
a composition profile.

2.3. Merlot red and Torrontés white wines

Merlot red and Torrontés white argentine wines were obtained
at a pilot scale using S. cerevisiae var. bayanus, S. cerevisiae var. elli-
psoides and native flora as yeast strains. Wine making began by
crushing the grapes into a must, which was further pressed. The
extracted juice was poured into a tank. During the settling, the
grape sediment separated from the juice and settled to the bottom
of the tank. Over a period of time the juice was transferred into dif-
ferent tanks and allowed to settle further (Giraudo et al., 2006). The
period of five weeks was considered in the experimental design to
obtain Merlot and Torrontés varietals from the corresponding
grape varieties. Representative samples were taken at zero time,
and during the next four weeks (one sample per week) to monitor
the essential fermentation parameters using the official methodol-
ogy of the National Wine Institute (Ministry of Agriculture, Live-
stock, Fishing and Food of Argentina). Parameters to be
controlled were: pH, total acidity, reducing sugars, free sulfite
and alcoholic degree. Aliquots were obtained from fermentation
tanks 1–6 after 1, 2, 3, 5, 7 and 11 weeks of wine fermentation.

2.3.1. Grape varieties and fermentative process for obtaining Merlot
and Torrontés wines

Both advanced-fermented Merlot and Torrontés grape varieties
were purchased in a local market. The initial population was
counted, so that 40 millions CFU mL�1 for Merlot, and 10 millions
CFU mL�1 for Torrontés were found.

About 100–110 kg of each argentine grape variety were placed
in separate fermentation tanks, provided by a local wine industry,
thus obtaining 60–70 L of must. The initial processing of the must
included a defined amount of sulfite added, pH value, total acidity,
and sugar content for each fermentation tank and grape variety.

2.3.2. Merlot and Torrontés sample preparation
After the first week, the grape skin was separated out (without

stirring) in order to allow sampling up to the bottom of the tank.
Samples were obtained in duplicate to perform analyses. Samples
for determination of amino acids were stored at �20 �C until anal-
ysis. They were filtered through SS blue band filter paper to retain
coarse material. Two drops of 1 mol L�1 sodium hydroxide per mL
of filtrate were added to each filtrate to obtain a pH about 6. If not
neutralized, amino acids could not have been derivatized at a low-
er pH of the filtrate.

Samples were further filtered through Millex LCR 13 filters, and
to 200 lL of each sample 4 lL of 2.5 mM AABA (internal standard)
and 800 lL of water were added.

Results were expressed as a concentration range in ppm for all
amino acids that were present in Merlot red wine and Torrontés
white wine samples (n = 5 each) for various previously defined
processing times.

2.4. Procedures

2.4.1. Analysis of free amino acids
Free amino acids of the wines under study were determined by

AccQ � Tag (Waters Corporation), which showed to be the most
suitable technique due to the high speed, sensitivity (detection
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limit, 2.5–5.0 ng) and resolution of the chromatographic peaks. The
Waters commercial kit provided by D’Amico Sistemas SA (Buenos
Aires, Argentina) was used for precolumn derivatization.

The internal standard a-aminobutyric acid (AABA) and the cor-
responding borate buffer were added, and further derivatized
according to the specifications of the AccQ � Tag kit of Waters.
Once the profile of amino acids was obtained, the concentrations
of the main amino acids were calculated by comparison with the
AccQ � Tag kit of amino acids’ standards and the internal standard
concentration.

Five samples each of Merlot red and Torrontés white wines
were obtained at a pre-fixed fermentation extent and using the
three yeast types mentioned above, and further analyzed by HPLC.
Then, mean values of the amino acid content were obtained. Once
the chromatograph was optimized with the standards of amino
acids (variation coefficient less than 5%), alternately 3 samples
and a standard were injected.

Chromatograms were obtained using the manual method of
derivatization. If the automated method would have been used,
variation coefficients would have been lower. A calibration curve
was constructed using the standard as previously reported (Girau-
do et al., 2006).

2.4.2. Determination of proteins in Merlot and Torrontés wines
The method of Pyrogallol Red (PROTIU/LCR; Wiener Laborato-

ries, Rosario, Argentina) was used, previous comparison with the
Kjeldahl method, because of being an approach for protein deter-
mination in very low concentrations.

2.5. Statistical analysis

The statistical program NWA Quality Analyst, release 6.1 (2007)
was used to study the accuracy and precision of the method
applied.

2.6. QSPR studies

2.6.1. Data set of amino acids
The experimental concentration of each amino acid in the amin-

ogram of Merlot red and Torrontés white wines was expressed as
the mean concentration range (ppm), which was then converted
into logarithm units for modeling purposes [log10 range (ppm)].

2.6.2. Geometry optimization and theoretical descriptors calculation
The structure of each amino acid was pre-optimized with the

molecular mechanics force field (MM+) procedure included in the
Hyperchem 6.03 package (Hypercube, Inc.). The levogyre enantio-
mer was chosen because of its natural occurrence. The Semi-
Empirical Method PM3 (Parametric Method-3) was used to refine
the resulting geometries by the Polak-Ribière algorithm and a gra-
dient norm limit of 0.01 kcal Å�1.

The Dragon software (Milano Chemometrics and QSAR Research
Group) enabled to calculate 1497 theoretical molecular descrip-
tors, including descriptors of all types, such as Constitutional,
Topological, Geometrical, Charge, GETAWAY (Geometry, Topology,
and Atom-Weights AssemblY), WHIM (Weighted Holistic Invariant
Molecular) descriptors, 3D-MoRSE (3D-Molecule Representation of
Structures based on Electron diffraction), Molecular Walk Counts,
BCUT descriptors, 2D-Autocorrelations, Aromaticity Indices, Randic
Molecular Profiles, Radial Distribution Functions, Functional
Groups, Atom-Centred Fragments, Empirical and Property-based
descriptors (Todeschini & Consonni, 2000). Finally, five quantum-
chemical descriptors not provided by Dragon were added: molec-
ular dipole moments, total energies, homo–lumo energies, and
homo–lumo gap (Dhomo–lumo).
2.6.3. Model search
The replacement method (RM) (Duchowicz, Mercader,

Fernández, and Castro, 2008a; Duchowicz, Talevi, Bruno-Blanch,
and Castro, 2008b; Duchowicz et al., 2005) was applied as molec-
ular descriptors selection approach, an algorithm that had been
proposed by our research group some time ago, being an efficient
optimization tool which generates multi-parametric linear regres-
sion QSPR models by searching the set D of D descriptors for an
optimal subset d of d� D ones with minimum model’s standard
deviation S.

The quality of the results achieved with this technique was
quite close to that obtained by performing an exact (combinatorial)
full search (FS) of molecular descriptors, although, of course,
requires much less computational work. The RM provided models
with better statistical parameters than the Forward Stepwise
Regression procedure and similar ones to the more elaborated
Genetic Algorithms (Mitchell, 1998). The Matlab 5.0 software
was used for all our calculations (The MathWorks, Inc., 2004).

2.6.4. Model validation
The design of a properly validated model constitutes the most

important step for every QSPR analysis in order to generate predic-
tive models of global applicability, and not limited to function only
correlatively. The Leave-One-Out Cross Validation procedure (loo)
was practiced over each linear regression. The parameters Rloo

and Sloo, the correlation coefficient and standard deviation of Cross
Validation, each measured the stability of the developed QSPRs
upon inclusion/exclusion of compounds. R2

loo should be higher than
0.5 for obtaining a validated model according to the literature
(Golbraikh & Tropsha, 2002).

The standard practice of validation was applied, that consisted
on omitting from the complete molecular set some amino acids,
which constituted the ‘test set’, denoted here as ‘‘val’’. This subdi-
vision was performed in order to assess whether the found QSPRs
had any predictive ability for estimating the concentrations on the
independent test set of ‘‘fresh’’ compounds, that were not involved
during the model fitting using the ‘training set’ compounds,
denoted as ‘‘train’’. The molecules of both the training and test ser-
ies were selected, previously to the model search, so that both sets
shared similar qualitative structure–property features.

The robustness of the structure–property equations established
in this study was checked by the so-called y-randomization (Wold,
Eriksson, & Clementi, 1995, chap. 5) in order to demonstrate that
these equations did not result from happenstance. The y-randomi-
zation technique consisted on scrambling the concentration values
in such a way that they did not account for the respective amino
acids. Upon analyzing 1000 cases of y-randomization for each devel-
oped QSPR, the smallest standard deviation obtained for the model
by using this procedure (Srand) was compared to that found when
considering the true calibration (S). If Srand > S, then it was expected
that the correlations found were not fortuitous, and resulted in real
structure–property relationships.

Furthermore, the Kubinyi function (FIT) (Kubinyi, 1994) had
been proposed as a statistical parameter that closely related to
the Fisher ratio (F), but avoided the main disadvantage of the latter
that was too sensitive to changes in small d values, and poorly sen-
sitive to changes in large d values. The FIT criterion had a low sen-
sitivity to changes in small d values and a substantially increasing
sensitivity for large d values. The higher the FIT was, the better was
the quality of the linear regression equation.
3. Results and discussion

Merlot red and Torrontés white argentine wines were obtained
at a pilot scale as indicated in Materials and methods. Data of the



Table 1
Data taken from wine fermentation tanks. Numerical values are presented according to increasing fermentation times (weeks: 0–5, 7, 11).

Tank Grape variety: Merlot (Initial pH 4.15) Grape variety: Torrontés (Initial pH 3.95)

1 (S. bayanus) Sugar content (g L�1) 260, 100, 66, 50, 50, -, -, - 240, 140, 0, 0, 0, -, -, -
Sulfite (ppm) added: 20 g, 46.08, 53.76, 64.00, -, 38.40, 53.76, - added: 20 g, 12.80, 53.76, -, -, 67.84, 52.48, -
Reducing sugars (%) -, 6.20, 5.20, -, -, -, 5.00, - -, < 0.1, < 0.1, -, -, -, < 0.1, -
Total aciditya (g L�1) 1.50, 3.75 [2.25]b, -, -, -, -, -, - 3.00, 5.55 [4.00]b, -, -, -, -, -, -
Alcohol (mL L�1) 0, 100, 120, 130, 130, -, -, 13 % v/v 0, 62, 150, 150, 150, -, -, 15% v/v

2 (S. ellipsoides) Sugar content (g L�1) 260, 98, 70, 45, 35, -, -, - 240, 140, 0, 0, 0, -, -, -
Sulfite (ppm) added: 40 g, 30.72, 25.60, 26.88, -, 25.60, 20.48, - added: 40 g, 32.00, 46.08, -, -, 122.88, 121.60, -
Reducing sugars (%) -, 7.00, 6.60, -, -, -, 3.56, - -, < 0.1, < 0.1, -, -, -, < 0.1, -
Total aciditya (g L�1) 1.50, 6.00 [3.90]b, -, -, -, -, -, - 3.00, 6.45 [3.08]b, -, -, -, -, -, -
Alcohol (mL L�1) 0, 101, 130, 145, 150, -, -, 15% v/v 0, 62, 150, 150, 150, -, -, 15% v/v

3 (Native flora) Sugar content (g L�1) 260, 200, 160, 83, 40, -, -, - 240, 140, 70, 0, 0, -, -, -
Sulfite (ppm) added: 100 g, 87.04, 53.76, 53.76, -, 52.48, 64.00, - added: 100 g, 39.68, 98.56, 11.52, -, 23.04, 16.64, -
Reducing sugars (%) -, 16.00, 5.50, -, -, -, 4.00, - -, 7.00, < 0.1, -, -, - <0.1, -
Total aciditya (g L�1) 1.50, 3.00 [1.65]b, -, -, -, -, -, - 3.00, 6.90 [4.00]b, -, -, -, -, -, -
Alcohol (mL L�1) 0, 37, 62, 110, 140, -, -, 14% v/v 0, 62, 105, 150, 150, -, -, 15% v/v

a As tartaric acid content.
b Volatile acidity as tartaric acid content (g L�1).

P.R. Duchowicz et al. / Food Chemistry 140 (2013) 210–216 213
initial processing of the must are shown in Table 1 (week: 0).
Results about reducing sugars, free sulfite, and acidity obtained
at the end of the first week of fermentation are shown in Table 1
(week: 1).

At the second week of fermentation, 40 g of sodium sulfite were
added to tanks 4 and 5 (in order to reserve it since fermentation
was finished, and the blockage of the secondary fermentation
was intended, e.g., malolactic fermentation, as well as to avoid fun-
gal growth.

Free sulfite was controlled after the third and fifth weeks of fer-
mentation. Furthermore, free sulfite and reducing sugars were
recorded after seven weeks of wine fermentation, and alcohol
(% v/v) was measured at the eleventh week of wine fermentation,
as well as the variation of alcohol and sugar during winemaking.
All these data are shown in Table 1.

Experimental amino acid concentration values, expressed as a
concentration range in ppm, for Merlot and Torrontés wine sam-
ples (n = 5 each) at different processing times are shown in Tables
1S and 2S, respectively.

3.1. Concentration of the main amino acids as a function of time for
each type of wine

Proline and the main amino acid concentrations (isoleucine,
arginine, threonine, cystine, alanine), and total proteins were mea-
sured during the fermentation time for both Merlot and Torrontés
wines, taking into account the three types of yeasts: S. cerevisiae
var. bayanus, S. cerevisiae var. ellipsoides and native flora.

According to experimental results, proline was the main amino
acid in both wines. Unlike most amino acids in must, proline was
not taken up by yeast because it could not be metabolized aerobi-
cally. Only when low concentrations of amino acids were available
in the must, then the yeast would use proline. Anyway, there was
an initial consumption, then reaching a plateau.

If there were very few amino acids in the must, during the aer-
obic phase the yeast could obtain them from glycolysis via pyru-
vate, which reversibly produced ketoacids and then, amino acids.
This is an extreme possibility that the yeast can perform as it is
being actively reproduced.

The behavior of proline in Torrontés white wine was opposite to
that in Merlot red wine. In Merlot red wine proline values fell
before reaching a plateau. In white wine the values of proline first
increased, and then reached a plateau. Red wine showed a more
logical behavior than white wine, in which from a high initial value
proline decreased and then, due to the fermentation process, it
reached a plateau. It appeared that what happened in Torrontés
wine was a consequence of the added sulfite, and also of the partial
lysis of the native flora population (Giraudo et al., 2006).

Alanine was the second amino acid in quantitative importance,
since this amino acid belongs to the analytes that are absorbed by
the yeast after a period of latency (Jackson, 2008).

Isoleucine and arginine were the amino acids that appeared in
the third place in both wines, followed by threonine in white wine,
and cystine in red wine, all belonging to those amino acids that are
slowly absorbed by yeast.

The source of amino acids in the must was provided by the
polypeptides produced during the proteolysis of the proteins
initially present in the grapes. Vitis vinifera contains about
500–1500 ppm of protein. The residual protein in wine is ca.
50–200 ppm (Mazzei & Pachulu, 1995). In the white wine protein
values were within the values given by the National Wine Institute
of Argentina, while those in red wine were about 10 times higher,
probably due to the extra soil fertilization, and the vineyard’s age
(data provided by the grapes’ producer).

Reported free amino acids in wines, determined by several
chromatographic techniques, were present in the following con-
centrations: proline: 700–1500 ppm; alanine: 70–150 ppm; argi-
nine: 20–150 ppm; isoleucine: 10–80 ppm; cystine: 10–100 ppm
and threonine: 20–60 ppm (Elfakir, 2005). The results presented
herein were in agreement with these values, except for proline,
whose value was 10 times higher in red musts (explained by the
higher experimental protein percentage) and nearly 8 times higher
in white musts. This seemed to be due to the sensitivity of the
method for proline quantitation (fluorescence). Any method used
showed so high sensitivity for proline, e.g., at the level of femtom-
ols for amino acids, including methodologies that did not quantify
it, such as the OPA-FMOC approach (Elfakir, 2005; Pomilio, 1994;
Pomilio, 2004).

Amino acid concentration profiles were suitable fingerprints for
wine quality. Climate, fertilized soil, geographical location, age of
the vines, the role of amino acids as precursors of biogenic amines,
etc., were taken into account. The presence/absence of these ana-
lytes would also determine wine flavor due to the transformations
of the amino acids, thus yielding very particular higher alcohols,
aldehydes, esters, diketonic acids, etc.

The content of free amino acids in musts and grapes showed to
strongly depend on the grape variety, and the type of yeast, e.g., the
native flora consumed less proline than the others.



Table 2
Statistical results for linear QSPR models for Merlot red wine.

Week R3u R4e Intercept R S FIT Rloo Sloo Srand o(2S)b

0 2.644(±0.3)a �1.690(±0.4) �0.025(±1) 0.961 0.24 6.45 0.922 0.35 0.25 0

Native flora
1 2.337(±0.4) �1.770(±0.4) 0.710(±1) 0.947 0.26 4.64 0.918 0.33 0.28 0
2 2.385(±0.2) �1.494(±0.3) �0.0234(±0.7) 0.973 0.18 9.55 0.944 0.27 0.20 0⁄
3 2.628(±0.2) �1.344(±0.2) �0.854(±0.5) 0.988 0.12 22.74 0.975 0.19 0.22 0
4 2.643(±0.2) �1.405(±0.2) �0.693(±0.5) 0.988 0.12 22.10 0.971 0.22 0.19 0

Saccharomyces cerevisiae var. ellipsoides
1 2.426(±0.3) �1.618(±0.4) 0.268(±1) 0.958 0.23 6.00 0.936 0.28 0.23 0
2 2.444(±0.2) �1.600(±0.2) 0.0416(±0.7) 0.980 0.16 12.75 0.956 0.25 0.20 0
3 2.467(±0.2) �1.445(±0.2) �0.241(±0.5) 0.988 0.12 21.18 0.976 0.18 0.16 0
4 2.606(±0.2) �1.272(±0.2) �0.782(±0.6) 0.985 0.14 17.00 0.977 0.17 0.20 0

Saccharomyces cerevisiae var. bayanus
1 2.341(±0.3) �1.797(±0.4) 0.745(±1) 0.957 0.23 5.82 0.934 0.29 0.24 0
2 2.532(±0.2) �1.564(±0.2) �0.186(±0.6) 0.985 0.14 17.25 0.967 0.22 0.17 0
3 2.213(±0.2) �1.504(±0.3) 0.376(±0.7) 0.973 0.17 9.41 0.908 0.35 0.17 0⁄

4 2.678(±0.2) �1.547(±0.2) �0.543(±0.6) 0.982 0.16 14.44 0.967 0.22 0.20 0

a Regression coefficient and standard deviation (between parentheses).
b Number of outliers exceeding 2.S with exception of ⁄, which exceeds 2.5.S.
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3.2. Quantitative structure–property relationship (QSPR) analysis of
amino acid profile in Merlot red and Torrontés white argentine wines

General linear regression equations were established on the
tested amino acid concentration profiles in order to achieve predic-
tive values on new fresh data. This predictive ability of each
mapped QSPR equation was tested carrying out an internal valida-
tion (Leave-One-Out Cross Validation Technique), and also by an
external validation (using some molecules as a test set, but not
for data adjustment). Furthermore, all models designed in this
work followed the ‘‘Rule of Thumb’’ (Tute, 1990), which stated that
at least five or six data points should be present for each fitting
parameter.

The main statistical results found for Merlot and Torrontés wine
aminograms, respectively, are shown in Tables 2 and 3. Decision
criteria that were simultaneously analyzed for determining the
model’s size for the training sets investigated, such as the determi-
nation of the optimal d to be included in each QSPR, were the fol-
lowing: (a) the lowest value for the S parameter; (b) the lowest Sloo

value; (c) the highest FIT parameter; (d) the lowest number of
Table 3
Statistical results for linear QSPR models for Torrontés white wine.

Week MATS3p dip Intercept R

0 �3.276(±0.9)a 0.907(±0.1) �0.339(±0.4) 0.906

Native flora
Week RDF030 m R3u Intercept R
1 �0.186(±0.07) 3.053(±0.4) �3.298(±0.7) 0.924
2 �0.198(±0.06) 3.194(±0.4) �3.591(±0.6) 0.949
3 �0.207(±0.07) 3.269(±0.4) �3.817(±0.7) 0.935
4 �0.223(±0.07) 2.960(±0.4) �3.037(±0.7) 0.930

Saccharomyces cerevisiae var. ellipsoides
1 �0.258(±0.07) 2.463(±0.4) �2.046(±0.7) 0.917
2 �0.199(±0.06) 2.889(±0.3) �2.930(±0.6) 0.942
3 �0.198(±0.06) 2.960(±0.3) �3.095(±0.5) 0.957
4 �0.196(±0.05) 2.845(±0.3) �2.834(±0.5) 0.959

Saccharomyces cerevisiae var. bayanus
1 �0.179(±0.06) 2.919(±0.3) �3.108(±0.6) 0.945
2 �0.179(±0.07) 3.080(±0.4) �3.505(±0.8) 0.924
3 �0.203(±0.06) 3.051(±0.3) �3.287(±0.6) 0.953
4 �0.205(±0.07) 2.839(±0.4) �2.875(±0.7) 0.936

a Regression coefficient and standard deviation (between parentheses).
b Number of outliers exceeding 2.S with exception of ⁄, which exceeds 2.5.S.
outlier amino acids exceeding 2.S or 2.5.S; and (e) the lowest value
for the maximal inter-correlation between descriptors in the mod-
el. Therefore, in every developed QSPR the linear regression model
involved only two molecular descriptors. A brief description of the
molecular descriptors involved in the established QSPR is pre-
sented in Table 3S, while Table 4S includes the numerical values
for such descriptors.

For the case of Merlot based models, 11 training set amino acids
were always used, and isoleucine was left as part of the test set. In
Torrontés based models, 12 training amino acids were used, except
for the fourth week, for which 11 training compounds were used;
phenylalanine was used in the test set. Figs. 1S and 2S plotted the
predicted log10 concentration range (ppm) vs. experimental log10

concentration range (ppm) for both wines, showing that the pro-
posed models fitted a straight line for both the training and test
set data. The predictions for all QSPR models were included in Sup-
plementary Tables 5S and 6S.

All the predictive linear QSPR models shown in Tables 2 and 3
were able to capture the essential structural features of the amino
acids related to their concentration in wine, e.g., Torrontés white
S FIT Rloo Sloo Srand o(2S)b

0.26 2.57 0.795 0.39 0.28 0

S FIT Rloo Sloo Srand o(2S)
0.29 3.28 0.645 0.60 0.31 0
0.25 5.11 0.857 0.42 0.26 0
0.29 3.89 0.750 0.55 0.29 0
0.28 3.42 0.590 0.64 0.29 0

0.26 2.95 0.810 0.40 0.27 0
0.24 4.42 0.626 0.57 0.26 0
0.21 6.17 0.774 0.47 0.25 0
0.20 6.06 0.821 0.43 0.21 0⁄

0.24 4.69 0.751 0.49 0.25 0⁄

0.30 3.29 0.722 0.54 0.31 0
0.23 5.61 0.763 0.50 0.24 0
0.26 3.78 0.620 0.59 0.26 0



Table 4
Comparison of specificity for developed QSPR models on native flora wine amino-
grams. The best model is given in bold.

R S R S

Merlot 0.961 0.24 0.620 0.67
Torrontés 0.720 0.43 0.906 0.26
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and Merlot red wines. It is worthwhile to mention that these QSPRs
involved a combination of 2D- and 3D-type molecular descriptors
in order to achieve the best predictions for the aminograms. For the
case of Merlot data, the best QSPR found involved R3u and R4e 3D-
descriptors. The different quantification of native flora and yeast
strains profiles was achieved by using different regression coeffi-
cients in the linear model. This is a consequence of observing sim-
ilar numerical variations for the numerical data. In the case of
Torrontés data, the zero time considered MATS3p (2D) and dip
(3D) descriptors, while the rest of the weeks were characterized
by RDF030m and R3u 3D-descriptors.

In addition, an alternative validation of the designed QSPR mod-
els of this work was carried out. It was corroborated what hap-
pened when these structure–property relationships were exposed
to independent data, e.g., to predict Merlot (native flora) free ami-
no acid profile through molecular descriptors from the Torrontés
(native flora) model and vice versa. The results found are shown
in Table 4. According to the R and S parameters, it was observed
that the descriptors were specific for the aminograms for which
they were calibrated, since the statistical parameters deteriorated
the models when applied to other data. Therefore, the herein
established QSPR were able to discriminate among the different
kind of profiles of these two wine varietals.

Finally, it was concluded that these qualitative and quantitative
amino acid parameters could be taken into account as an index of
genuinity and/or fingerprint of the produced wines.

4. Conclusions

Suitable experimental conditions for the HPLC analysis of Tor-
rontés and Merlot wines had been obtained in our laboratories.
According to our findings, aminograms could be used as finger-
prints to characterize each varietal wine. This was a contribution
for setting the seal of quality ‘‘Alimentos Argentinos. Una elección
natural’’, which means ‘‘Argentine Food. A natural choice’’, e.g., Res-
olution N� 392/05 of the Secretariat of Agriculture, Livestock, Fish-
ing and Food (SAGPyA) of Argentina, (Nimo, 2005) as well as DOC
(denominación de origen controlado; certified brand denomination)
to better position these argentine wines. The aim was to promote
and safeguard the authenticity and origin of food, and also to incor-
porate distinct food attributes.

QSPR analysis of the experimental wine data could be consid-
ered as a specific fingerprint for adulteration, if the technological
winemaking process is standard and known. This was a new appli-
cation of the QSPR theory as, to our knowledge, only few studies
had been devoted to the quantitation of amino acid profiles in food.
A practical application of these QSPRs consisted on estimating
some structures, of which experimental values were missing. Fur-
thermore, any wine sample belonging to Torrontés and Merlot var-
ietals would fit the corresponding developed model, thus
demonstrating its authenticity.
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