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A study of Argentinean red wines was performed by direct injection of untreated wine samples into a
liquid chromatography–mass spectrometry system, processing the collected data with two chemometric
algorithms: multivariate curve resolution with alternating least-squares and discriminant unfolded par-
tial least-squares (D-UPLS). The objectives were: (1) the chemometric resolution of profiles in the modes
represented by elution time and m/z ratio, (2) the discrimination of samples according to varietal and/or
geographical origin, and (3) the identification of key compounds helping to perform sample discrimina-
tion. The results indicate that all wine varietals can be adequately discriminated, and also three wine
producing regions (located in the east, south and north of the Cuyo region) were differentiated from
the remaining regions. The applied chemometric models allowed the tentative identification of anthocy-
anin compounds as responsible for both type of discriminations, in the case of D-UPLS by employing the
concept of variables importance in the projection.

� 2014 Elsevier Ltd. All rights reserved.
1. Introduction

Phenolic compounds, also known as polyphenols, constitute an
essential part of the human diet. These compounds have been
reported to display multiple biological health-promoting proper-
ties, such as antioxidant, lower risk for certain cancers, urinary
tract health, improved memory, and normal ageing. These findings
strongly suggest that polyphenols are absorbed and display several
physiological activities and health benefits (Nile & Park, 2014). On
the other hand, phenolic composition is one of the most important
quality parameters of wines, and depends on both variety and terr-
oir. The French term terroir is used in oenology to define a geo-
graphical and environmental origin where the grapes used for
the vintage were grown. This term has been used worldwide to
describe the influence of the climate, soil, and human intervention
on the chemical and metabolic wines composition (Ribéreau-
Gayon, Glories, Maujean, & Dubourdieu, 2006).

Anthocyanins are a subgroup of polyphenols that are commonly
found in grapes, and are the original red coloring molecules in red
wine. They are very reactive and their transformation into antho-
cyanin-derived pigments (more complex oligomers, e.g., pyranoan-
thocyanins) begins as soon as they are extracted to fermenting
must. Therefore, the final anthocyanin red wine composition is
the result of the combination of many kinds of anthocyanins and
anthocyanin-derived pigments. Major anthocyanins present in
Vitis vinifera grapes are the 3-monoglucosides of malvidin, cianidin,
petunidin, peonidin, and delphinidin; being malvidin-3-O-gluco-
side and its acylated esters the most dominant anthocyanin pres-
ent in red wine (Fig. 1) (Blanco-Vega, Gómez-Alonso, &
Hermosín-Gutiérrez, 2014).

Since only a few reference standards are available for anthocy-
anins or anthocyanin-related pigments derived from wine, a
detailed description of red wine pigments seems to be still an ana-
lytical challenge, as it involves at least the previous fractionation of
different kinds of pigments and the use of high-performance liquid
chromatography with tandem mass spectrometric detection
(HPLC-MS/MS) for the accurate MS/MS fragmentation analysis of
separated fractions. In addition, HPLC analysis of red wine pig-
ments based on the use of C18 and other reversed-phase stationary
phases only offers good separations for anthocyanins and low
molecular weight anthocyanin-derived pigments, whereas the
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polymeric pigments appear as an unresolved broad peak; thereby,
identification of these compounds is often tentative and is usually
based on the combination of reversed phase-LC (RP-LC) elution
order, UV–visible spectra and mass spectral information (Abad-
García, Berrueta, Garmón-Lobato, Gallo, & Vicente, 2009; Alberts,
Stander, & de Villiers, 2012).

Although anthocyanins have been postulated as chemical mark-
ers to differentiate grape cultivars and red wine provenance, in
most reported works using elution profiles of hyphenated tech-
niques [LC-diode array detection (LC–DAD), LC–MS, gas chroma-
tography–MS (GC–MS), capillary electrophoresis (CE), etc.] as a
fingerprint for wine classification, it is rare to find works that are
able to identify the key compounds within that profile that con-
tributed most to achieve the classification (Alves, Nascimento, &
Nogueira, 2005; Ballabio, Skov, Leardi, & Bro, 2008; Cuadros-
Inostroza et al., 2010; de Villiers, Vanhoenacker, Majek, & Sandra,
2004; Fanzone, Peña-Neira, Jofré, Assof, & Zamora, 2010; Garrido-
Delgado, López-Vidal, Arce, & Valcárcel, 2009; Jaitz et al., 2010;
Pazourek et al., 2005; Tredoux et al., 2008; Vaclavik, Lacina,
Hajslova, & Zweigenbaum, 2011). This is true in part due to
compounds identification being beyond the scope of the work
when classification is the principal objective; and second and
mostly because it is very difficult identifying a particular com-
pound in a complex matrix as wine when no pre-treatment was
applied to the sample.

Previously in our working group we performed an exploration
of Argentinean red wines by direct injection HPLC-DAD without
sample pre-treatment coupled to multivariate curve resolution-
alternating least-squares (MCR-ALS) as a chemometric data pro-
cessing algorithm (Pisano, Silva, & Olivieri, 2014). We also
attempted wine classification by grape varietal and geographical
origin, achieving Malbec varietal discrimination from the remain-
ing ones, and partial success in discriminating samples according
to their geographical origin. Furthermore, a thorough analysis of
the results showed that anthocyanin compounds present in wine
were crucial to perform both discriminations.

Encouraged by these results, we carried out a similar study,
using a more selective chromatographic detection technique such
as mass spectrometry, with the objective of achieving better reso-
lution of chromatographic and m/z profiles, attempting classifica-
tion of the studied wine samples, and identifying key compounds
that help to discriminate samples. Nowadays, the use of LC–MS
assisted with chemometric algorithms as a strategy both for classi-
fication or quantification seems to be a promising methodology
(Bertoncelj, Polak, Kropf, Korošec, & Golob, 2011; Gu et al., 2014;
Kulakowski, Wu, Balick, & Kennelly, 2014; Taamalli, Arráez
Román, Zarrouk, Segura-Carretero, & Fernández-Gutiérrez, 2012;
Xia, Zhou, Tan, Ding, & Xu, 2014). Specifically, in this study we
directly injected the wine samples into the LC–MS system, and pro-
cessed the data with two chemometric algorithms: multivariate
curve resolution with alternating least-squares (MCR-ALS)
(Tauler, 1995), and unfolded partial least-squares (UPLS) (Wold,
Geladi, Esbensen, & Öhman, 1987) employed in its discriminant
mode D-UPLS (Arancibia, Boschetti, Olivieri, & Escandar, 2008).
The models were designed to discriminate the samples according
Fig. 1. Structures of the major anthocyanidin-3-O-glucosides present in Vitis
vinifera grapes.
to varietal and geographical origin, respectively. The results of this
data exploration indicate that: (1) with MCR-ALS algorithm all
wine varietals can be adequately discriminated from each other
and D-UPLS models adequately discriminated Malbec, Merlot,
and Cabernet Sauvignon varietals from the remaining samples;
and (2) three geographical regions were differentiated from the
remaining regions with both chemometric algorithms. Further-
more, analysis of the specific MCR-ALS results, and the so-called
variables importance in the projection (VIP) of the D-UPLS models
allowed the tentative identification of anthocyanin compounds as
responsible for both types of discrimination.
2. Experimental section

2.1. Reagents and standards

LC–MS grade water and acetonitrile were purchased from Carlo
Erba (Milan, Italy), and formic acid from Sigma–Aldrich (Buenos
Aires, Argentina) was LC–MS grade and used directly.

2.2. Wine samples

The wine samples were obtained from red grapes of V. Vinífera L.
of eight varieties [Aspiran (A), Bonarda (B), Cabernet Sauvignon (C),
Malbec (Ma), Merlot (Me), Sangiovese (Sa), Syrah (Sy) and Temp-
ranillo (T)], harvested in 2012 from thirteen collaborating wineries
of Mendoza and San Juan (Argentina), including an experimental
winery from Facultad de Ciencias Agrarias (FCA), Universidad Nac-
ional de Cuyo, Mendoza, Argentina. The thirteen wineries were:
Galán (east Mendoza, A, B, C, Ma, Me, T), CoViTu (Valle de Uco,
south Mendoza city, B, C, Ma, Me, T), experimental winery FCA
(Luján, C, Ma, Me), San Rafael (south Mendoza, Ma, Sy), Agrelo
(Ma, Me, Sa), San Juan (north Mendoza, Cs, two samples of Ma,
Sy), Mayor Drummond (Cs), La Consulta (Sy), Plantago (Ma), and
Albahaca (Ma). The wine samples from each winery were collected
directly from fermentation tanks at the end of malolactic fermen-
tation, transferred under nitrogen to completely filled amber glass
bottles, and stored at 4 �C to ensure their preservation until their
analysis in the laboratory.

2.3. LC operating conditions

The optimization of HPLC method was based on the work devel-
oped by De Villiers et al. (Alberts et al., 2012; De Villiers et al.,
2004). Prior to analysis, wine samples were filtered through a
0.22-lm pore size nylon membrane (Gamafil, Buenos Aires, Argen-
tina) without further treatment, and 5 lL of every sample were
injected directly into the chromatographic system, consisting of
an Agilent 1200 series HPLC equipped with a binary pump model
G1312B SL, an autosampler model G1367D SL + WP, a thermo-
stated column compartment model G1316B, and a variable wave-
length detector G1314C (Agilent Technologies, Santa Clara, CA).
Separation was performed on a reversed-phase column Zorbax
Eclipse XDB-C18 (50 mm � 3 mm, 1.8 lm particle size; Agilent
Technologies) at 25 �C. Two mobile phases were employed for elu-
tion: A (water/formic acid, 99.9:0.1, v/v) and B (acetonitrile/formic
acid, 99.9:0.1, v/v), and the gradient profile was as follows: 3% B
(0 min); 20% B (10 min); 30% B (15 min); 50% B (20 min); 95% B
(25 min); 95% B (27 min); and 3% B (30 min). The flow rate was
0.2 mL min�1. Each sample was run in triplicate, and good repeat-
ability was observed. No changes were detected in chromato-
graphic parameters, such as retention time, and peak shapes and
areas in a reference sample that was run at the beginning and at
the end of the analysis. Wavelength detector was set to 280 nm
to monitor most phenolic compounds. All the analyses were
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conducted with the same column, keeping the maximum working
pressure in the range 100–110 bar, 600 bar being the maximum
recommended working pressure for the column used in this study.

2.4. MS operating conditions

After passing through the flow cell of the HPLC wavelength
detector, the column eluate was directed to the MS system, con-
sisting of a Bruker micrOTOF-Q II time-of-flight mass spectrometer
coupled with an Apollo II ion funnel ESI Electrospray source and
controlled by Data Analysis software (Bruker Daltonics, Billerica,
MA). Operating conditions of the ESI interface in the positive-ion
mode were: collision energy 8 eV, drying gas (N2) temperature
180 �C, drying gas flow 4.0 L min�1, nebuliser gas (N2) pressure
1.5 bar and capillary voltage 4500 V. MS spectra were obtained
by scanning m/z ratios from 50 to 1500.
Fig. 2. A typical liquid chromatographic-mass spectrum landscape of a red wine
sample.
3. Chemometric models and software

3.1. Multivariate curve resolution – alternating least-squares

Multivariate curve resolution refers to a group of techniques
which intend the recovery of the pure response profiles (UV–visi-
ble or mass spectral profiles, elution profiles, etc.) of the chemical
constituents (variables) of an unresolved mixture. To process
three-way data (e.g., second-order LC–MS data for several sam-
ples), the MCR-ALS algorithm builds an augmented data matrix
by placing all individual sample matrices adjacent to each other
in a column-wise augmentation mode. This allows one to model,
via suitable constraints during the fitting phase, the varying time
profiles of the sample components in the various samples. For
description of the model and further details, see Supplementary
Data.

3.2. Discriminant unfolded partial least-squares

Partial least-squares is a regression technique which finds a
regression model by projecting the predicted variables (Y) and
the observable variables (X) to a new space. PLS regression has pro-
ven to be a very versatile method for multivariate data analysis
(Escandar et al., 2007). Discriminant partial least-squares (D-PLS)
is a variant of PLS in which the predicted variables (Y) are categor-
ical values or codes, allowing the separation of samples into differ-
ent classes. When working with second-order data, a useful
alternative is to rearrange them into vectors and apply a first-order
PLS algorithm for discrimination (Olivieri & Escandar, 2014),
leading to D-UPLS (see Supplementary Data for more details).

3.3. Software and data pre-processing

All calculations were made using MATLAB (version 7.0; The
Mathworks Inc., Natick, MA). MCR-ALS was implemented using
the graphical interface provided by Tauler on his web page
(http://www.mcrals.info; Jaumot, Gargallo, de Juan, & Tauler,
2005). Principal component analysis (PCA) was run using an
in-house MATLAB code. The D-UPLS analysis was performed with
MVC2, a new version of the MATLAB toolbox already reported in
the literature (Olivieri, Wu, & Yu, 2009) and available at www.i-
quir-conicet.gov.ar/descargas/mvc2.rar. All programs were run on
an HP Pavilion dv5-2043la microcomputer with an Intel Pentium
P6000, 1.86 GHz microprocessor and 6 GB of RAM. LC–MS data
(files of 350 MB approximately for each sample) were exported
as ChemStation file extension (25 MB approximately for each sam-
ple) with Data Analysis software and re-opened with OpenChrom�

software (Community Edition 0.8.0 Dempster) in order to reduce
the size of the original data before chemometric analysis. Open-
Chrom is an open-source software for handling chromatography
and mass spectrometry data files without prior conversion.
LC–MS data files were exported from OpenChrom to finally obtain
.csv files (comma separated values, ca. 13 Mb for each sample) for
subsequent data processing under MATLAB. Therefore, each sam-
ple subjected to analysis consisted of an array of 133 � 1001 data
points (3–25 min taken in steps of 10 s and m/z 100–1100 taken
in steps of 1 amu, respectively).
4. Results and discussion

4.1. General considerations

Grape native anthocyanins are the original red coloring mole-
cules in red wine, but they are very reactive and their transforma-
tion into anthocyanin-derived pigments begins as soon as they are
extracted to fermenting must. In this sense, pyranoanthocyanins
are formed as early as during alcoholic fermentation, and also over
the ageing of the wine. In this work, therefore, we have performed
the analysis of wine samples collected directly from fermentation
tanks at the end of malolactic fermentation and prior to the bot-
tling process, to avoid the natural condensation of anthocyanins
to more complex polymers during the wine ageing, which would
result in an even more complicated analysis.

4.2. MCR-ALS analysis

Considering the complexity of the raw analytical data obtained
by LC–MS measurements of wine samples without any experimen-
tal pre-treatment, visual inspection of this type of data sets would
be considerably time-demanding and inefficient. As an example,
Fig. 2 shows the three-dimensional surface obtained by ESI in the
positive ion mode for a specific sample (Malbec varietal, CoViTu
winery from Valle de Uco, south Mendoza city) after injection into
the LC–MS system. Multiple signals can be generated during ESI
ionization of a single compound and, as a consequence, extremely
large amounts of data are obtained when multiple metabolites are
simultaneously fragmented, as in wine metabolomic analysis.
Therefore, addressing this problem requires the selection of
suitable data processing algorithms to extract patterns that allow
the resolution of profiles in terms of their chromatograms and
mass spectra.

http://www.mcrals.info
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In a first phase, MCR-ALS was applied to the LC–MS data mea-
sured for the studied wine samples. To do so, data matrices from
each sample were organized by joining the elution time-spectral
data matrices on top of each other sharing the spectral subspace
(i.e., by column-wise augmentation), creating the so-called aug-
mented data matrix before MCR-ALS decomposition. Subsequently,
MCR-ALS analysis was applied to the column-wise augmented data
matrix, namely, an array of 3591 � 1001 data points, as explained
in Sections 3.1 and 3.3. The number of components was estimated
by principal component analysis of the augmented data matrix,
inspecting a plot of singular values as a function of increasing num-
ber of trial components (Jolliffe, 2002). In this way, 20 components
were selected, which explained 93.02% of the data variance. In
order to achieve successful resolution, non-negativity in both spec-
tra and chromatograms was applied during the least-squares fit,
until successive changes in residual fit were smaller than 0.1%. This
typically required 25 iterations. In addition to the resolved spectral
and mass profiles, MCR-ALS resolution of the LC–MS data renders
the area under the resolved chromatographic profile for each com-
ponent in a particular sample, i.e., the so-called MCR-ALS scores.
This resolution was obtained with good quality parameters,
namely, fitting error (L.O.F.) of 4.86% and 6.90% (regarding PCA
and experimental, respectively) and 93.09% of explained variance.

The fingerprint information obtained by the MCR-ALS
resolution was arranged into a matrix of size 27 � 20 (27 samples
and 20 constituent scores). This latter matrix was submitted to
principal component analysis (PCA) for discrimination purposes,
in order to study the relationship among the MCR-ALS fingerprint
Fig. 3. Discrimination of wine samples from principal component analysis. (A) PC2
vs PC1. (B) PC3 vs PC1. A: Aspiran; B: Bonarda; C: Cabernet Sauvignon; Ma: Malbec;
Me: Merlot; Sa: Sangiovese; Sy: Syrah; T: Tempranillo.
information with the eight different varietals and the geographical
origin of the wine samples. Fig. 3A shows the score plot of first vs.
second principal component (67.03% and 15.86% of variance
retained by PC1 and PC2, respectively). In this figure, we can
observe the successful discrimination between the eight different
varietals from each other. On the other hand, Fig. 3B shows a plot
of first vs. third principal component (PC3, 6.05% of explained var-
iance) in which we can observe discrimination by geographical ori-
gin of the samples corresponding to San Juan (North Mendoza),
and San Rafael (South Mendoza) from the rest of samples.
Therefore, MCR-ALS resolution of the LC–MS data, and subsequent
processing with PCA allows discrimination of all varietal wine sam-
ples, and also the discrimination of some samples corresponding to
northern and southern regions of the Mendoza province.

Examination of the contribution of the twenty constituents
resolved by MCR-ALS in each principal component reveals which
compounds were decisive for wine discrimination. Therefore, con-
stituents No. 2, 4 and 5 displayed the largest contributions to PC1,
constituents No. 2, 4 and 8 were the largest contributors to PC2,
and constituents No. 1, 4 and 8 to PC3 (see Supplementary Data).
Fig. 4A shows the overlapped resolved mass spectra of the five
relevant constituents resolved by MCR-ALS, in which it can be
observed that base peaks of 129, 493, 535, 618, and m/z 639 ratios
(from the constituents 8, 2, 4, 1, and 5, respectively) can be
assigned to different anthocyanin compounds (vide infra).

4.3. D-UPLS analysis

In this section we describe the application of a second, comple-
mentary technique to the discrimination of wine samples based on
LC–MS data. Due to the high variability in the data for both varietal
and geographical origin, selection of D-UPLS models was directed
to form well-defined groups for each classification model. Regard-
ing geographical origin of the wine samples, Galán winery (east
Mendoza) is located in a low altitude zone, and therefore less radi-
ation is involved in the grape maturing process, wines from San
Juan (north Mendoza) come from a completely different terroir,
with a much more arid climate and higher average temperatures,
while CoViTu winery is from Valle de Uco (south Mendoza city)
and produce wines from a higher altitude zone, with more radia-
tion and larger thermal amplitude than the remaining classes.
Therefore, two classification models were designed (Table 1), with
the intention of discriminating wine samples according to: (1)
varietal (D-UPLS-1), and (2) geographical origin (D-UPLS-2). In
the D-UPLS-1 model, four classes were considered: 1 (Malbec), 2
(Cabernet Sauvignon), 3 (Merlot), and 4 (remaining samples not
belonging to the former three varietals), whereas in the D-UPLS-2
model, four classes were considered: 1 (Galán, east Mendoza), 2
(CoViTu, south Mendoza), 3 (San Juan, north Mendoza), and 4
(remaining samples not belonging to the former three geographical
origins). Table 1 also shows the discrimination potential offered by
the D-UPLS models, representing the prediction abilities in per-
centage of the samples correctly classified. The prediction ability
was 100% (no misclassified samples); therefore an excellent sepa-
ration among the wine samples was obtained by the designed
D-UPLS models for varietal and geographical origin discrimination
respectively. For the D-UPLS modeling, two PLS latent variables,
estimated from leave-one-out cross-validation, accounted for most
of the variability of the data, capturing 88% and 85% of the X and Y
variables, respectively.

4.4. Variables importance in the projections of D-UPLS

Once discrimination of the classes was achieved by each D-UPLS
model, our interest was to reveal which compounds effectively
helped to perform this classification. To do so, we explored a



Fig. 4. (A) Mass spectra of the five relevant constituents resolved by MCR-ALS. (B) Variables importance in the projections (VIP) obtained for mass spectra of D-UPLS-1 model
(varietals). (C) VIPs obtained for mass spectra of D-UPLS-2 model (geographical origin).

Table 1
Discrimination models for wine samples according varietal (D-UPLS-1) and geographical origin (D-UPLS-2).

Class D-UPLS-1 model D-UPLS-2 model

Varietal No. samples Classified samples Geographical origin No. samples Classified samples

1 Cabernet Sauvignon 5 5 (100%) East Mendoza 6 6 (100%)
2 Malbec 9 9 (100%) South Mendoza 5 5 (100%)
3 Merlot 4 4 (100%) San Juan 4 4 (100%)
4 Other 9 9 (100%) Other 12 12 (100%)
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variable selection technique for PLS regression, such as variables
importance in the projection (Mehmood, Liland, Snipen, & Sæbø,
2012) (see Supplementary Data).

The calculation of VIPs for the wine dataset furnishes a three-
dimensional surface defined in the time and m/z modes, in which
peaks for specific sites are highlighted from the rest. These elution
times and m/z values correspond to the variables that contributed
most to the classification models. Fig. 4B and C shows a plot of the
five overlapped VIPs obtained for mass spectra of the models D-
UPLS-1 and D-UPLS-2, respectively. As can be seen, the base peaks
found in these five VIPs exactly match between the two D-UPLS
models, and also with the mass spectra of the five relevant constit-
uents resolved by MCR-ALS (Fig. 4A). This means that the outcome
of two different chemometric modeling of LC–MS wine data not
only yields concordant results, but also allows to conclude that
the classification models for wine varietals and geographical origin
were correctly designed.

Comparison of these five m/z ratios with original LC–MS raw
data, and with literature reported data on retention times and m/
z values (Alberts et al., 2012; Blanco-Vega et al., 2014; De Villiers
et al., 2004; Flamini & Traldi, 2010; Fraige, Pereira-Filho, &
Carrilho, 2014) about anthocyanin compounds found in wine allow
the tentative identification of three of the five compounds, as
described in Table 2. Structures of these compounds are shown
in Fig. 4. The compound with retention time of 10.28 min was
assigned to malvidin-3-O-glucoside with a molecular ion of
493.1346, and the compound with retention time of 13.09 min
was assigned to malvidin-3-(6-O-acetylglucoside) with a
molecular ion of 535.1452. Finally, the compound corresponding
to a retention time of 15.24 min could be assigned to



Table 2
Tentative identification of compounds selected by VIPs analysis with their retention
times of TIC (Total Ion Current) chromatograms and m/z values.

RT
(min)

Compound VIPs
values

Molecular
ion [M]+

6.47 Unknown 618
9.12 Unknown 129

10.28 Malvidin-3-O-glucoside 493 493.1346
13.09 Malvidin-3-(6-O-acetylglucoside) 535 535.1452
15.24 Malvidin-3-O-glucoside-4-vinylguaiacol

or Malvidin-3-(6-O-p-
coumaroylglucoside)

639 639.1714

18.71 Unknown 129
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malvidin-3-O-glucoside-4-vinylguaiacol or malvidin-3-(6-O-p-
coumaroylglucoside) as their molecular ion m/z ratios are equal
to 639.1714 for both compounds.

As mentioned above, in most reported works using elution pro-
files as a fingerprint for wine classification, it is very difficult to
identify key compounds within that profile that contributed most
to achieve the classification when no pre-treatment was applied
to the wine sample. In concordance with our previous work
(Pisano et al., 2014), in which we conclude that different anthocy-
anin compounds contributed to wine discrimination, in this work
we found that anthocyanin compounds that contribute to discrim-
ination were three malvidin-derived anthocyanins, considering the
remarkable fact that the study was performed by direct injection of
untreated wine samples.

5. Conclusions

Direct injection of untreated wine samples into an LC–MS sys-
tem and chemometric data processing allowed the discrimination
of red wine samples according to varietal and geographical origin.
Whereas MCR-ALS resolution of LC–MS data allows the successful
discrimination of eight different varietals, D-UPLS models ade-
quately discriminated Malbec, Merlot, and Cabernet Sauvignon
varietals from the remaining samples, and also three geographical
regions (east Mendoza, south Mendoza and San juan) were differ-
entiated from the remaining regions. Furthermore, analysis of the
variables importance in the projection for the D-UPLS models
allowed identification of malvidin-3-O-glucoside, malvidin-3-(6-
O-acetylglucoside), and malvidin-3-O-glucoside-4-vinylguaiacol
(or malvidin-3-(6-O-p-coumaroylglucoside)) as the malvidin-
derived anthocyanins responsible of both types of discrimination.
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