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Experimental amino acid concentrations of blonde and black commercial beers, brewed in Argentina, as
well as national malts were subjected for the first time to Quantitative Structure–Property Relationships
(QSPRs). Thus, Dragon theoretical descriptors were derived for a set of optimised amino acid structures
with the purpose of assessing QSPR models. We used the statistical Replacement Method for designing
the best multi-parametric linear regression models, which included structural features selected from a
pool containing 1497 constitutional-, topological-, geometrical-, and electronic-type molecular descrip-
tors. In this work QSPR results were in good agreement with experimental amino acid profiles, thus dem-
onstrating the predictive power of the designed QSPRs. QSPR-modelling was used to predict aminograms,
and was also used to estimate non-available amino acid concentrations for these malts, and beers. The
developed QSPR approach showed to be an useful tool for discriminating among blonde and dark beers,
and malts. This is a new application of the QSPR theory to food, in particular to chemical biomarkers of
malts and beers.

� 2010 Elsevier Ltd. All rights reserved.
1. Introduction World producers of beer and other alcoholic beverages tend to
Argentina is one of the countries in the American continent
with an old beer tradition, although is also a wine country. The ori-
gin of the beer in Argentina can be traced back to the seventeenth
century, when the Jesuits were settled in this land. However, some
historians state 1744 as start of beer production outside religious
centres and monasteries. Baron Emile Bieckert is considered the
first brewer in Argentina, founding the first brewery in Argentina
under his name. In 1852 Otto Bemberg, arrived to Argentina, and
in 1887 built his brewery in Quilmes, 25 km away from Buenos
Aires. Bemberg was very important in the development of barley
and hops crops as well as crown taps, and the widespread of brew-
eries in Argentina, Paraguay and Brazil.

The manufacture of home-made beer began in the last 12 or
15 years in Argentina. Nowadays there are hundreds of artisanal
breweries all over the country.
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be large multinational corporations (Jernigan, 2009). Argentina is
included in this world trend, although there are also so far smaller
producers ranging from brewpubs to regional breweries.

As it is known, brewing involves two major biological systems,
e.g., malted barley (malt) and yeast. Usually, the brewing industry
uses well-established tests to assess malt quality, but these often
fail to predict malt-associated problem fermentations. Once the
malt is converted into the wort, yeast converts carbohydrates of
the wort into alcohol and other products that influence appear-
ance, flavour, and taste. The fermentable carbohydrate composi-
tion of wort and the manner in which it is used by yeast during
brewery fermentation have a direct influence on fermentation effi-
ciency and quality of the final product.

The use of starter cultures became a common practice after
methods for the isolation of pure yeast strains were developed.
Moreover, efforts have been undertaken to improve Saccharomyces
yeast strains, first by classical genetic methods and later by genetic
engineering (Donalies, Nguyen, Stahl, & Nevoigt, 2008).

Despite the regional variations, beer is categorised into two
main types based on the temperature of the brewing which influ-
ences the behaviour of yeast used during the brewing process, e.g.,
lagers, and the more regionally distinct ales, brewed at a higher
temperature. Different roasting times and temperatures are used
to produce a variety of colours of malt from the same grain.
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Most of the yeasts collected from actual lager fermentations
have hybrid genomes consisting of Saccharomyces cerevisiae, Sac-
charomyces bayanus, and the ‘‘lager-type” sequences, and seem to
lack Saccharomyces bayanus var. uvarum sequences (Rainieri
et al., 2006).

Determination of beer authenticity is a crucial issue in beer
quality control and safety. For example, infrared (MIR) and near
infrared (NIR) spectroscopy (Iñón, Garrigues, & de la Guardia,
2006), together with attenuated total reflectance–Fourier trans-
form infrared spectroscopy (ATR–FTIR) (Llario, Iñón, Garrigues, &
de la Guardia, 2006; Iñón et al., 2006), has been used for assessing
beer quality parameters. It is also necessary to use chemical bio-
markers to characterise malts and beers as well as other foods,
e.g., flavonoids (Gorinstein et al., 2007), and amino acids (Mol-
nár-Perl, 2005). The fingerprint of food allows its univocal identifi-
cation and characterisation.

The profile of free amino acids and ammonia (aminogram) of
beers and malts has been previously reported from our laborato-
ries (Giraudo et al., 2004). Amino acids were analysed by high per-
formance liquid chromatography (HPLC) with fluorescence and UV
detection (Elfakir, 2005; Pomilio, 1994, 2004).

The experimental ranges of amino acid concentrations have
been now further subjected to Quantitative Structure–Property
Relationships (QSPRs) (Hansch & Leo, 1995) in order to distinguish
these malts and beers. Therefore, QSPR models have been pro-
posed, which are able to estimate the properties of the amino acids,
taking into account that the resulting effects are a consequence of
the molecular structures.

In past years, the Multi-variable Linear Regression (MLR) tech-
nique has proved to be of valuable applicability in establishing pre-
dictive QSPR by performing an exhaustive analysis of a pool
containing a great number of structural molecular descriptors. Lin-
ear models are more general, and can transparently reveal the ef-
fects upon the property being modelled of the inclusion/
exclusion of structural variables present in the model. The main
advantage of developing linear regression models, when compared
to non-linear ones, is the fact that they do not involve too many
optimisation parameters to be found for model building, just the
regression coefficient for each model’s numerical variable. In
addition, some recent studies have applied the Gram-Schmidt pro-
cedure in the recent proposed Spectral–Structure Activity Relation-
ship (S-SAR) method (Putz & Lacrămă, 2007). The advantage of this
technique is that it enables to replace the classic Multi-variable
Linear Regression analysis by purely algebraic models with some
conceptual and computational advantages, having both ecotoxico-
logical, environmental, and anticancer bioactivity applications
(Chicu & Putz, 2009; Lacrămă, Putz, & Ostafe, 2007; Putz & Lacră-
mă, 2007; Putz, Putz, Lazea, Ienciu, & Chiriac, 2009). Then, the
chemical structures of the amino acids were translated into molec-
ular descriptors, thus describing different relevant features of these
compounds by a mathematical formula for each food matrix,
which has been proposed from the Chemical Graph Theory, Infor-
mation Theory, Quantum Mechanics, etc. (Katritzky, Lobanov, &
Karelson, 1995; Todeschini & Consonni, 2000).

Suitable descriptors were selected from those available to char-
acterise the properties of the compounds under consideration, e.g.,
amino acids. In the present analysis, we explored a pool containing
1497 theory-based descriptors computed by means of the Dragon
software, and established QSPRs for each beer and malt samples
under analysis by means of the Replacement Method technique
(Duchowicz, Castro, Fernández, & González, 2005; Duchowicz,
Mercader, Fernández, & Castro, 2008; Duchowicz, Talevi, Bruno-
Blanch, & Castro, 2008).

As far as we know this is the first report on the development of
QSPR models based on the amino acids of some types of beers and
malts.
2. Materials and methods

2.1. Samples

Commercial samples of national and international blonde beers
(trademarks: Andes, Bieckert, Brahma, Budweiser, Córdoba, Heine-
ken, Iguana, Isenbeck, Liberty, Palermo, Quilmes Cristal, Quilmes
light, Río Segundo Rubia, Santa Fe, Schneider, Warsteiner) and
two dark beers (trademarks: Brahma Morena, Quilmes Bock),
brewed in Argentina, as well as two national malts (trademarks:
Malt of Salta Brewery; MaltiFe of Grupo Estrella SA), all marketed
in Argentina and in the region, were used. Sample vials were kept
closed until analysis. Samples were degassed conveniently, filtered
through Millex LCR 13 filters, and directly derivatized with 6-AQC,
as indicated in the commercial kit. Norleucine (Sigma) was used as
internal standard.
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
and 2.1 mm i.d.; 5 lm of particle diameter; pore diameter of
12 nm), and a guard column of 3.9 � 20 mm were used. A ternary
system was used as mobile phase: Solvent A: 140 mM sodium ace-
tate, 17 mM triethanolamine, pH 5.05, containing 1 mM disodium
edetate. Solvent B: Acetonitrile, HPLC grade. Solvent C: Water, HPLC
grade, as previously reported (Giraudo et al., 2004). Flow rate:
0.33 ml/min. Detection: UV: 248 nm. Fluorescence: excitation
wavelength = 250 nm and emission wavelength of 395 nm. Oven
temperature: 40 �C. Injection volume: 5 ll.
2.3. Analysis of free amino acids

Free amino acids present in the malts and beers under study
were analysed by the AccQ�Tag technique of Waters Corporation,
as previously reported (Giraudo et al., 2004). We used the Waters
commercial kit provided by D’Amico Sistemas SA (Buenos Aires,
Argentina) for precolumn derivatization.

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. 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.

Water was obtained by filtration through a Milli-Q system and
samples were filtered through Millex-SLCR13 Millipore filters (Bio-
pore, Buenos Aires, Argentina). All solvents were filtered daily
through GVWP04700 Millipore filters (Buenos Aires, Argentina).

Experimental concentration ranges were expressed in ppm, and
accounted for the average of three replications of each sample.

Once the chromatograph was optimised with the standards of
amino acids (variation coefficient less than 5%), alternately three
samples and a standard were injected.
2.4. Statistical analysis

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

2.5.1. Data set of amino acids
The experimental amino acid concentration of malts and beers

were measured in our laboratories, as indicated above. The concen-
tration of each amino acid in the aminograms was expressed as the
mean concentration range (ppm), which was then converted into
logarithm units for modelling purposes [log10 range (ppm)].

2.5.2. Geometry optimisation and theoretical descriptors calculation
We pre-optimised the structure of each amino acid with the

Molecular Mechanics Force Field (MM+) procedure included in
the Hyperchem 6.03 package (Hypercube, Inc.). We chose the lev-
ogyre enantiomer 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.

We computed 1497 theoretical molecular descriptors using the
Dragon software (Milano Chemometrics and QSAR Research
Group) including different types of descriptors, such as Constitu-
tional, Topological, Geometrical, Charge, GEometry, Topology, and
Atom-Weights AssemblY (GETAWAY), Weighted Holistic Invariant
Molecular (WHIM) descriptors, 3D-Molecule Representation of
Structures based on Electron diffraction (3D-MoRSE), Molecular
Walk Counts, BCUT descriptors, 2D-Autocorrelations, Aromaticity
Indices, Randic Molecular Profiles, Radial Distribution Functions,
Functional Groups, Atom-Centred Fragments, Empirical and Prop-
erty-based descriptors (Todeschini & Consonni, 2000). Finally, we
added quantum-chemical descriptors to the pool, which had not
been provided by the Dragon program, such as molecular dipole
moments, total energies, homo–lumo energies, and homo–lumo
gap (Dhomo–lumo).

2.5.3. Model search
We applied the Replacement Method (RM) as a selection ap-

proach for molecular descriptors. This algorithm, that had been
proposed by our research group some years ago ((Duchowicz
et al., 2005; Duchowicz, Mercader et al., 2008; Duchowicz, Talevi
et al., 2008), is an efficient optimisation tool, which gives rise to
multi-parametric linear regression 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 is quite close to that obtained by per-
forming an exact (combinatorial) full search (FS) of molecular
descriptors, although, of course, requires much less computational
work. The RM provides models with better statistical parameters
than the Forward Stepwise Regression procedure, and similar ones
to the more elaborated Genetic Algorithms (Mitchell, 1998). We
used the computer Matlab 5.0 system for all calculations (The
MathWorks, Inc., 2004).

2.5.4. Model validation
The most important step for a QSPR analysis is to obtain prop-

erly validated models having predictive value of global applicabil-
ity, 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, correlation coefficients,
and standard deviation of Cross Validation each measured the sta-
bility of the developed QSPRs upon inclusion/exclusion of com-
pounds. Rloo should be higher than 0.50 for obtaining a validated
model (Golbraikh & Tropsha, 2002).

We also applied a rigorous and more realistic validation process
that consisted of omitting from the complete molecular set some
amino acids which constituted the ‘test set’, denoted here as val.
This subdivision was performed in order to assess whether the
found QSPRs had any predictive ability for estimating the concen-
trations on the independent test set of ‘fresh’ compounds, that
were not involved during the model fitting using the ‘training
set’ compounds, denoted as train. We first selected the molecules
of both the training and test series, previously to model search,
so that both sets shared similar qualitative structure–property
features.

We checked the robustness of the structure–property equations
established in this study by the so-called y-randomization (Wold,
Eriksson, & Clementi, 1995) in order to demonstrate that these
equations did not result from happenstance. The y-randomization
technique consisted of scrambling the concentration values in such
a way that they did not account for the respective amino acids.
Upon analysing 5,000,000 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 would be ex-
pected that the correlations found were not fortuitous, and re-
sulted in actual structure–property relationships.

Furthermore, the Kubinyi function (FIT) (Kubinyi, 1994) has
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

3.1. Amino acid analysis in beer and malt samples

The amino acid content is a fingerprint for the authenticity of
beverages such as malts and beers, and can be used as a specific
biomarker to identify the end product.

The occurrence of some amino acids can be explained taking
into account both the original presence in the wort, and/or the
yeast consumption/release during beer fermentation. In other
words, the nature and relative amount of the amino acids can be
related to the wort composition as well as to beer fermentation
conditions.

Experimental relative percentages of the free amino acids of
commercial blonde and black beers, and malts are shown in Ta-
ble 1. Brief experimental details have been indicated in Section 2.

According to these results, blonde beers contained approxi-
mately one third of total free amino acids of dark beers, and malts,
as expected, contained 25% more amino acids than dark beers. Pro-
line, as expected, is the main amino acid in these malts and beers.
Proline concentration increases during barley germination, reach-
ing the maximum level after 8 days. Furthermore, proline is only
slightly uptaken from wort under anaerobic conditions, and slowly
absorbed under aerobic conditions (Perpète, Santos, Bodart, & Col-
lin, 2005). This is the reason of finding the highest proline concen-
tration in the samples of blonde and black beers (Table 1), being
higher in beers than in malts, followed by cystine, alanine, argi-
nine, serine, valine, lysine and isoleucine in order of importance.
These chemical parameters influence flavour, since yeast metabo-
lises the amino acids by several biochemical mechanisms. As it is
known, of all the biochemical processes taking place in beer pro-
duction, proteolysis is primarily responsible, since it produces free
amino acids and peptides that either contribute necessarily to fla-
vour or are precursors behaving as substrates for various enzy-
matic reactions. It should be noted that amino acids also
influence the colour of the final product, since during cooking of
the amino acids, especially proline, they react with maltose (Mail-
lard) yielding maltol and coloured products known as melanoi-



Table 1
Relative percentages of amino acids and ammonia in beer and malt samples.

Amino acids Blonde beer (pale
lager) samples
(n = 16)

Black beer (dark
lager) samples
(n = 2)

Malt
samples
(n = 2)

Range of relative percentages
Aspartic acid 2.9–0.7 3.5–1.6 3.2–1.9
Serine 4.8–1.5 8.2–4.5 7.5–4.6
Alanine 8.6–5.8 8.1–3.2 11.5–6.1
Cystine 18.9–7.9 7.3–3.1 11.2–6.1
Proline 43.2–25.9 45.7–30.8 26.5–20.8
Lysine 2.5–0.3 1.5–0.6 6.3–4.1
Arginine 6.7–2.8 4.8–2.9 7.5–4.1
Ammonia 3.7–1.5 3.4–1.9 4.8–2.7
Glutamic acid 1.8–0.6 3.1–1.9 2.1–1.0
Threonine 2.1–0.6 2.2–0.9 4.1–2.1
Isoleucine 5.0–1.5 2.1–0.8 5.8–3.8
Leucine 3.5–1.4 1.4–1.0 8.5–6.2
Phenylalanine 4.6–1.4 3.2–1.9 8.3–4.1
Tyrosine 6.1–2.2 4.5–1.9 6.3–4.1
Methionine 1.1–0.1 0.5–0.2 2.2–1.0
Valine 5.8–2.2 4.5–2.2 7.3–4.9
Histidine 3.3–1.3 3.3–2.1 2.6–1.2
Glycine 5.3–1.4 5.1–2.1 2.4–1.1
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dines. Finally, the amino acids behave on the biological stability of
the final product.

As it is known, there is also a direct relationship between free
amino acids and the alcohols obtained after fermentation, this
being one of the main topics of the final product quality.

Non-experts cannot easily make a direct comparison of the ami-
no acid profiles of beer and malt samples due to the high similarity
of some concentration ranges. Therefore, we tried to find out a way
Table 2
Brief description for the theoretical descriptors of the established QSPRs.

Descriptor Category Type Brief des

BELp4 2D BCUT Lowest e
RDF040e 3D Radial Distribution Function Radial D
Mor16 m 3D 3D-MoRSE 3D-MoR
Mor06v 3D 3D-MoRSE 3D-MoR
LDip 3D Charge Local dip
HATS3v 3D GETAWAY Leverage

Table 3
Numerical values of the theoretical descriptors involved in various QSPRs designed in this

No. Levo-amino acids BELp4 RDF040e

1 Aspartic acid 0.756 3.000
2 Serine 0.449 3.133
3 Alanine 0.384 4.648
4 Cystine 0.385 5.830
5 Proline 0.473 9.877
6 Lysine 1.075 6.081
7 Arginine 1.101 8.312
8 Ammonia 0.000 0.000
9 Glutamic acid 0.980 5.582

10 Threonine 0.831 5.390
11a Isoleucine 1.071 10.032
12 Leucine 1.087 5.338
13 Phenylalanine 1.027 8.737
14 Tyrosine 1.053 8.482
15 Methionine 1.051 4.137
16 Valine 1.070 7.084

17b GABA 0.596 4.363
18 Histidine 1.084 6.897

19b Asparagine 0.871 11.199
20 Glycine 0.241 0.932

a Test set amino acid.
b Estimated amino acid.
to transform mathematically these experimental values into mod-
els in order to establish whether these concentrations are of value
for distinguishing the samples, and further to discriminate among
the samples clearly. Hence, we applied the QSPR theory to the
experimental amino acid concentrations in order to obtain the
respective models. As expected we obtained three different QSPR
equations, which accounted for malts, blonde and black beers,
respectively, despite the commercial brand used.

3.2. QSPR analysis of amino acid profile in Argentine malts and beers

General QSPR equations were established on the tested amino
acid concentration profiles in order to achieve predictive values
on new fresh data. This predictive ability of each mapped QSPR
equation was tested carrying out an internal validation (Leave-
One-Out Cross Validation Technique), and also by an external val-
idation (using some molecules as a test set, but not for data adjust-
ment). Some molecules of the training set were removed, thus
improving the model’s quality performance. Furthermore, all mod-
els 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.

Each QSPR described herein contained N, the number of amino
acids; R, the correlation coefficient; res, the residual for a given
amino acid (difference between the experimental and predicted
concentration); p, the significance of the model. FIT accounted for
the Kubinyi function (Kubinyi, 1994), and Srand was the model’s
standard deviation of y-randomization. Decision criteria that were
simultaneously analysed for determining the model’s size of the
training sets investigated, such as the determination of the optimal
d to be included in each QSPR, were the following: (a) the lowest
cription

igenvalue No. 4 of Burden matrix/weighted by atomic polarizabilities
istribution Function-4.0/weighted by atomic Sanderson electronegativities
SE-signal 16/weighted by atomic masses
SE-signal 06/weighted by atomic van der Waals volumes
ole index
-weighted autocorrelation of lag 3/weighted by atomic van der Waals volumes.

study.

Mor16 m Mor06v LDip HATS3v

0.070 0.042 0.368 0.179
0.014 0.003 0.309 0.207
�0.186 �0.077 0.272 0.229
�0.036 0.097 0.286 0.233
�0.184 �0.453 0.222 0.225
�0.181 0.289 0.179 0.116
�0.234 0.216 0.179 0.105

0.012 �0.087 0.009 0.000
�0.116 0.039 0.323 0.148

0.089 0.154 0.304 0.193
�0.044 0.167 0.205 0.142
�0.119 0.201 0.201 0.132

0.083 �0.173 0.173 0.164
�0.044 0.000 0.235 0.179

0.073 0.403 0.248 0.131
�0.064 0.119 0.216 0.168
�0.156 0.103 0.232 0.170

0.298 �0.402 0.281 0.162
�0.122 0.121 0.274 0.181

0.026 �0.138 0.331 0.249
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Fig. 1. Experimental and QSPR predicted mean relative percentages for pale lager,
dark lager and malt samples analysed in this work. (a) Pale lager samples. (b) Dark
lager samples. (c) Malt samples.
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value for the S parameter; (b) the lowest Sloo value; (c) the highest
FIT parameter; (d) the lowest number of outlier amino acids
exceeding 2.S, 2.5.S or 3.S; and (e) the lowest value for the maximal
inter-correlation between descriptors in the model. A brief descrip-
tion of the theoretical descriptors involved in QSPR Eqs. (1)–(3),
and the corresponding numerical values of these descriptors are
shown in Tables 2 and 3, respectively.

3.2.1. Blonde (lager) beer samples
The structure–property relationship indicated in Eq. (1) was

obtained.

log10ðmean rel:%Þ ¼ �1:145ð�0:2Þ � BELp4þ 0:153ð�0:02Þ
� RDF040eþ 0:526ð�0:1Þ ð1Þ

d = 2, Ntrain = 16, Ntrain/d = 8, R = 0.911, S = 0.173, FIT = 3.158,
p < 10�5, outliers (>2S) = 0, Rloo = 0.872, Sloo = 0.206, Srand = 0.260

Eq. (1) was used to predict the mean relative percentages of the
test set molecules 4 (cystine) and 11 (isoleucine) that were not ta-
ken into account for adjustment. Eq. (1) was also applied to esti-
mate amino acids 17 (GABA) and 19 (asparagine), whose data
were not available. The plot of predicted mean relative percentages
vs. experimental mean relative percentages (Fig. 1a) for pale lager
samples shows that the proposed model (Eq. (1)) fits a straight line
for both the training and test set data. All predictions were in-
cluded in Table 4.

3.2.2. Dark lager (bock) samples
The structure–property relationship, indicated in Eq. (2), was

obtained.

log10ðmean rel:%Þ ¼ �1:659ð�0:4Þ �Mor16m� 1:642ð�0:2Þ
�Mor06vþ 0:417ð�0:05Þ ð2Þ

d = 2, Ntrain = 16, Ntrain/d = 8, R = 0.905, S = 0.196, FIT = 2.951,
p < 10�5, outliers (>3S) = 0, Rloo = 0.851, Sloo = 0.242, Srand = 0.287

Eq. (2) was used to predict the mean relative percentages of the
test set molecules 4 (cystine) and 11 (isoleucine) that were not ta-
ken into account for adjustment. Eq. (2) was also applied to esti-
mate the amino acids 17 (GABA) and 19 (asparagine), whose data
were not available. The plot of predicted mean relative percentages
vs. experimental mean relative percentages (Fig. 1b) for dark lager
samples shows that the proposed model (Eq. (2)) fits a straight line
for both the training and test set data. Predicted values are shown
in Table 5.

3.2.3. Malt samples
It was possible to take up the structure–property relationship

with a simple model of two descriptors provided the molecule 20
(glycine) was removed from the training set (Eq. (3)).

log10ðmean rel:%Þ ¼ �4:438ð�0:8Þ � LDipþ 6:811ð�1Þ
�HATS3vþ 0:638ð�0:1Þ ð3Þ

d = 2, Ntrain = 15, Ntrain/d = 7.5, R = 0.867, S = 0.168, FIT = 1.919,
p < 10�5, outliers (>2S) = 0, Rloo = 0.794, Sloo = 0.207, Srand = 0.177

Eq. (3) was used to predict the mean relative percentages of the
molecules of the test set 4 (cystine) and 11 (isoleucine) that were
not taken into account for adjustment. Eq. (3) was also applied to
estimate non-available data of amino acids 17 (GABA) and 19
(asparagine).

The plot of predicted mean relative percentages vs. experimen-
tal mean relative percentages (Fig. 1c) for malt samples shows that
the proposed model (Eq. (3)) fits a straight line for both the training
and test set data. Predicted values are shown in Table 6.
All these predictive linear QSPR models were able to capture the
essential structural features of the amino acids related to their con-
centration in malts and beers (pale and dark lagers). It is worth to
mention that these QSPRs involved a combination of 2D- and 3D-
type molecular descriptors in order to achieve the best aminogram
predictions.



Table 4
Experimental (Exp.) and Eq. (1) predicted (Pred.) mean amino acid relative percentages for pale lager samples.

No. Levo-amino acids Lowest limits Higher limits Exp. mean values Pred. mean values Differences

1 Aspartic acid 0.70 2.90 1.80 1.32 0.48
2 Serine 1.50 4.80 3.15 3.10 0.05
3 Alanine 5.80 8.60 7.20 6.29 0.91

4a Cystine 7.90 18.90 13.40 9.52 3.88
5 Proline 25.90 43.20 34.55 31.49 3.06
6 Lysine 0.30 2.50 1.40 1.69 �0.29
7 Arginine 2.80 6.70 4.75 3.46 1.29
8 Ammonia 1.50 3.70 2.60 3.35 �0.75
9 Glutamic acid 0.60 1.80 1.20 1.82 �0.62

10 Threonine 0.60 2.10 1.35 2.52 �1.17
11a Isoleucine 1.50 5.00 3.25 6.88 �3.63
12 Leucine 1.40 3.50 2.45 1.26 1.19
13 Phenylalanine 1.40 4.60 3.00 4.89 -1.89
14 Tyrosine 2.20 6.10 4.15 4.17 -0.02
15 Methionine 0.10 1.10 0.60 0.91 -0.31
16 Valine 2.20 5.80 4.00 2.44 1.56

17b GABA – – – 3.25 –
18 Histidine 1.30 3.30 2.30 2.20 0.10

19b Asparagine – – – 17.59 –
20 Glycine 1.40 5.30 3.35 2.47 0.88

a Test set amino acid.
b Estimated amino acid.

Table 5
Experimental (Exp.) and Eq. (2) predicted (Pred.) mean amino acid relative percentages for dark lager samples.

No. Levo-amino acids Lowest limits Higher limits Exp. mean values Pred. mean values Differences

1 Aspartic acid 1.60 3.50 2.55 1.70 0.85
2 Serine 4.50 8.20 6.35 2.45 3.90
3 Alanine 3.20 8.10 5.65 7.11 �1.46

4a Cystine 3.10 7.30 5.20 2.07 3.13
5 Proline 30.80 45.70 38.25 29.23 9.02
6 Lysine 0.60 1.50 1.05 1.75 �0.70
7 Arginine 2.90 4.80 3.85 2.82 1.03
8 Ammonia 1.90 3.40 2.65 3.46 �0.81
9 Glutamic acid 1.90 3.10 2.50 3.51 �1.01

10 Threonine 0.90 2.20 1.55 1.04 0.51
11a Isoleucine 0.80 2.10 1.45 1.64 �0.19
12 Leucine 1.00 1.40 1.20 1.92 �0.72
13 Phenylalanine 1.90 3.20 2.55 3.66 �1.11
14 Tyrosine 1.90 4.50 3.20 3.09 0.11
15 Methionine 0.20 0.50 0.35 0.43 �0.08
16 Valine 2.20 4.50 3.35 2.12 1.23

17b GABA – – – 3.21 –
18 Histidine 2.10 3.30 2.70 3.82 �1.12

19b Asparagine – – – 2.63 –
20 Glycine 2.10 5.10 3.60 3.98 �0.38

a Test set amino acid.
b Estimated amino acid.
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4. Conclusions

A large world consumption of malts as well as blonde and black
beers justifies an exhaustive chemical study addressed to enhance
quality and authenticity control.

Suitable experimental conditions have been previously ob-
tained in our laboratories (Giraudo et al., 2004) for the amino acid
analysis of malts and beers. According to our findings, it is impor-
tant to get the respective aminograms in order to establish a spe-
cific pattern or fingerprint for the characterisation of each malt
and beer.

Amino acid concentration ranges were further submitted to
QSPR-modelling. Then, the goal of the present work was to develop
for the first time predictive QSPR theoretical models for the amino
acid concentrations, and further to contribute to the discrimination
among malts, blonde and black beers.
Therefore, QSPR analysis was applied in order to calculate dis-
crimination functions for the samples and to find the most useful
descriptors in the differentiation among sample equations. The re-
sults obtained from QSPR can be considered very satisfactory, since
QSPR equations were able to evaluate quantitative differences in
the amino acid profiles of the commercial beers and malts investi-
gated, so allowing not only to discriminate between malts and
beers, but also the type of beer (pale or dark lagers).

QSPR models had a predicted value, and were also used to esti-
mate non-available amino acid concentrations for the samples de-
scribed herein.

QSPR showed to be a suitable tool for data discrimination and
visualisation of similarities among malt and beer samples.

This is a new application of the QSPR theory to food, in partic-
ular to chemical biomarkers of malts and beers.



Table 6
Experimental (Exp.) and Eq. (3) predicted (Pred.) mean amino acid relative percentages for malt samples.

No. Levo-amino acids Lowest limits Higher limits Exp. mean values Pred. mean values Differences

1 Aspartic acid 1.9 3.2 2.55 1.68 0.87
2 Serine 4.6 7.5 6.05 4.75 1.30
3 Alanine 6.1 11.5 8.80 9.80 �1.00

4a Cystine 6.1 11.2 8.65 9.04 �0.39
5 Proline 20.8 26.5 23.65 15.34 8.31
6 Lysine 4.1 6.3 5.20 4.31 0.89
7 Arginine 4.1 7.5 5.80 3.62 2.18
8 Ammonia 2.7 4.8 3.75 3.97 �0.22
9 Glutamic acid 1.0 2.1 1.55 1.63 �0.08

10 Threonine 2.1 4.1 3.10 4.02 �0.92
11a Isoleucine 3.8 5.8 4.80 4.96 �0.16
12 Leucine 6.2 8.5 7.35 4.42 2.93
13 Phenylalanine 4.1 8.3 6.20 9.72 �3.52
14 Tyrosine 4.1 6.3 5.20 6.53 �1.33
15 Methionine 1.0 2.2 1.60 2.69 �1.09
16 Valine 4.9 7.3 6.10 6.67 �0.57

17b GABA – – – 5.85 –
18 Histidine 1.2 2.6 1.90 3.12 �1.22

19b Asparagine – – – 4.52 –
20 Glycine 1.1 2.4 1.75 – –

a Test set amino acid.
b Estimated amino acid.
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