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1. Introduction

ABSTRACT

A metabonomic study based on the application of multivariate curve resolution and alternating least
squares (MCR-ALS) to three-way data sets obtained by liquid chromatography coupled to mass spec-
trometry detection (LC-MS) was carried out for Rambo and Raf tomato cultivars treated with carbofuran
pesticide. Samples were picked up during a 21 days period after treatment and analyzed by LC-MS in
scan mode, along with the corresponding blank samples. Then, MCR-ALS was applied to the three-way
data sets using column wise augmented matrices, and the evolutionary profiles as a function of the time
after treatment were estimated for the metabolites present in both cultivars, as well as their correspond-
ing pure spectra estimations. A comparative study using those estimations showed that some of these
metabolites followed different behavior for the different cultivars after treatment. Since all treated and
untreated Rambo and Raf samples were picked up according to the same sampling protocol and in a sim-
ilar state of maturation, any difference in the behavior between profiles can be interpreted as an effect
due to the presence of pesticide and to the kind of cultivar. Based on this hypothesis, several PLS-DA
approaches were tested to check if it would be possible to classify samples by using the metabolites MCR
estimations. Results showed that PLS-DA models for classification of treated or non-treated (blank) sam-
ples were the best ones obtained (98.44% of correct classifications for the validation set), which supports
the stress effects related to carbofuran treatment. In addition, excellent discrimination among the four
groups could be attained (89.06% of correct classifications for the validation set).

© 2011 Elsevier B.V. All rights reserved.

Metabolites are compounds, which are responsible of physical
and chemical characteristics establishing differences between cul-

Tomato (Lycopersicum esculentum) is a warm season crop with
origins in elevated regions of Peru and Ecuador. A member of the
Solanaceae family, tomato is the most widespread vegetable in the
world, as well as that showing the higher economic value. Tomatoes
have traditionally been grown in the field, but the use of protected
culture has allowed expand their cycle and availability through the
year.
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tivars. The term metabolite refers to all small molecular weight
compounds including organic acids, sugars, amino acids, vita-
mins, as well as small peptides. These compounds are involved
in metabolic processes, whether they are the products or being
necessary to the mechanism. As detection of all metabolites by an
universal method is impossible, a number of techniques have been
applied with this aim, such as NMR, Fourier transform infrared
spectroscopy (FT-IR), pyrolysis/electron impact-mass spectrome-
try (pyrolisis/EI-MS), electron impact-mass spectrometry (EI/MS),
electrospray mass spectrometry (ESI-MS) the most widely used
being NMR and techniques based on MS detection [1].

Most MS applications in metabonomics use a separation method
before mass detection, typically gas chromatography (GC), liquid
chromatography (LC) or capillary electrophoresis (CE). GC-MS and
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LC-MS are frequently used techniques that can detect a wide vari-
ety of compounds at lower concentrations compared, for example,
to NMR. LC is probably the most versatile separation technique as
it allows separation of compounds of a wide range of polarity and
thermal stability, with little effort in sample preparation, compared
with GC.

However, metabonomic studies using data collected from
hyphenated techniques such as GC-MS or LC-MS in full SCAN mode
involve some drawbacks due to the high background noise, the
presence of artefacts and also the occurrence of redundancy (i.e.
different m/z ratios that are related to the same metabolite). More-
over, the background noise can vary with the retention time and,
additionally the peak shape and retention times can vary from one
run to another for complex matrices. At all events, complete chro-
matographic resolution of all peaks is impossible to obtain for such
a large number of analytes in a single separation dimension. These
shortcomings are usually overcome by chemometric approaches
for denoising and compression of the data matrices without losing
relevant chemical information and models using the second order
advantage that are able to handle problems related to peaks shifts.
Curve resolution or deconvolution methods are mainly applied to
reach these aims [2-7].

In a previous paper [7] we developed a chemometric strat-
egy based on multivariate curve resolution and alternating least
squares (MCR-ALS) applied to LC-MS three-way data arrays to per-
form a metabonomic study in tomato (Lycopersicon esculentum)
fruits (cultivar Rambo) following treatment with carbofuran. MCR-
ALS was performed on augmented matrices built with the LC-MS
three-way data obtained from treated and non-treated samples
through the sampling time. The strategy allowed us to obtain the
concentration and spectra profiles of the main components (pre-
viously estimated with the SVD algorithm) from samples treated
with pesticide as well as from blank samples, showing how they
vary with time after plants treatment with the pesticide. In addi-
tion, a simple resolved mass spectrum was obtained corresponding
to the peaks of a particular component in all matrices, thus avoid-
ing ambiguity in the compound identity assignment. Different time
profiles were found for some metabolites in treated and non-
treated samples, which demonstrate that the presence of pesticide
causes changes through the time in the behavior of certain endoge-
nous tomato metabolites as the result of a physiological stressful
situation [7].

In this paper, we applied for the first time the above mentioned
strategy in combination with some PLS-DA approaches to check the
possibility of classifying tomato samples belonging to two cultivars
(Rambo and Raf), treated and untreated with Carbofuran, by using
their MCR-ALS resolved concentration profiles.

2. Theory
2.1. Partial least squares-discriminant analysis (PLS-DA)

Pure pattern recognition techniques are oriented to discrimi-
nate among different groups of samples and operate by dividing
the hyperspace in as many regions as the number of groups. Thus, if
a sample is represented in the region of the space corresponding to
a particular category, it is classified as belonging to that category.
In this case, each sample is always assigned to one and only one
group [8]. A discriminant separating two classes can be developed
by linear regression. On the other hand, when classes are described
by multivariate objects and there are more variables than objects,
a conventional PLS regression can be used to model a linear dis-
criminant for classification [9,10]. PLS [11] was initially built for
quantitative analysis, but it can be also used for pattern recog-
nition. This supervised analysis is based on the relation between

spectral intensity and sample characteristics. Actually, PLS latent
variables are built to find a proper compromise between two pur-
poses: describing the set of explanatory variables and predicting
the response ones [8]. Binary classification is done by encoding
class membership in the property vector y, and PLS-1 regression is
used to model the single discriminant and a threshold value [10]. It
involves a calibration step in which the relation between the spec-
tra and sample codes is estimated from a set of standards, and a
prediction step in which the calibration results are used to estimate
the codes for unknown samples [12]. When more than two classes
are present, class information can be treated as a binary classifi-
cation and PLS-1 used to develop a set of discriminant boundaries
between each target class and all other classes. It is also possible
to encode the set of class identities in a matrix, Y, where each col-
umn represents the binary class membership of each sample, and
to use a PLS-2 regression to develop a set of discriminant functions
separating each class from all others [10].

2.2. Multivariate curve resolution and alternating least squares
(MCR-ALS)

Second order instruments can provide bilinear and non-bilinear
data, which determines the type of algorithms that can be used
for data treatment. If data are bilinear, the D (n x m) matrix rep-
resenting the data output of the second-order instrument can be
decomposed into the product of other two matrices C and ST as
follows:

D=CS'+E (1)

where the columns vectors of matrix C (n x k) correspond to the
profiles of the k pure components that are present in matrix D,
whereas the row vectors of matrix ST (k x m) correspond to the
spectra of the k pure components and E is the matrix of the resid-
uals.

For a mixture of k compounds in high-pressure liquid
chromatography (HPLC) with mass (MS) detection, D is the two-
dimensional spectrochromatogram of MS spectra (horizontal) as a
function of elution time (vertical). The matrix C contains the k elu-
tion profiles (column-wise) and the matrix ST contains the k MS
spectra (row-wise) of the k pure compounds.

Basically, the aim of multivariate-analysis algorithms applied
to bilinear data from second order instruments is to solve Eq. (1),
removing the noise E of the signal and obtaining both C and ST [13].
These two matrices contain all the individual signals of each pure
compound in the two orders of measurement.

Second order data can be arranged giving rise to a column wise
augmented data matrix. In this way, several matrices that belong to
different processes are appended one on top of each other so that
the spectral direction is common and the data matrix length is aug-
mented in the process direction, so the resolved pure mass spectra
are common to all experiments and the concentration profiles can
be different from experiment to experiment. Then, MCR-ALS can
be applied in order to obtain the resolved concentration and mass
spectral profiles corresponding to the components or endogenous
metabolites, through the sampling period.

3. Experimental
3.1. Chemicals and solvents

Magnesium sulphate anhydrous (MgSO4) and sodium acetate
3-hydrate (AcONa-3H,0) were obtained from Merck (Germany).
Acetonitrile (ACN) of HPLC grade was obtained from ].T. Baker (Hol-
land) and acetic acid glacial (AcOH, 99.7%) from Panreac (Spain).
Ultra pure water was provided by a Milli-Q water purification sys-
tem from Millipore (Bedford, MA, USA). Mobile phases were filtered
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through a 0.45 pm cellulose acetate (water) or polytetrafluoroethy-
lene (PTFE) (organic solvents) filters, and degassed with helium
prior to and during use. All the extracts were filtered through a Mil-
lipore membrane of cellulose acetate (0.45 pm particle size) before
pumping them into the chromatographic system. Finally a concen-
trated suspension of Botran 20 (carbofuran 20%, w/v) was obtained
from Tragusa (Sevilla, Spain).

3.2. Instrumentation and software

LC separation was carried out with a Hewlett Packard (H-
P) series 1100 system (Hewlett Packard, Wilmington, DE, USA)
provided with an H-P Chem Station for MS control and spectral
processing. The HPLC system consisted of a model G 1311 gradi-
ent pump and a Rheodyne six-port injection valve (model 7725i)
with a 20 p.L loop. The analytical separation was performed with a
150 mm x 4.6 mm i.d. Agilent Zorbax EclipseXDB Cg column (5 pm
particle size). An H-P G 1948 A Platform benchtop single quadrupole
mass spectrometer with an ESI interface was used to detect the
target compounds in the LC column effluent.

A 230V-50Hz crusher (0.5 Kw maximum potency) from Sam-
mic S.L. (Azpeitia, Spain) and a polytron PT1035 from Kinematica
AG (Switzerland) were also used. Arotary evaporator (R-114) with a
B-480 thermostated water bath was purchased from Buchi (Flawil,
Switzerland). A Sigma 4-15 centrifugal provided with a Sigma
11150, 143/F, 5100/min rotor was used during the extraction step.
Finally crushed and homogenized samples were stored in a —86°C
ultralow freezer.

MatLab 7.6.0 R2008a (The MathWorks, Natick, MA, USA) was
used as the development platform. A graphical interface was used
to apply MCR-ALS, which additionally provides detailed informa-
tion about the implementation of this algorithm [14] Statistics
Toolbox™ for MatLab, PLS Toolbox 3.52 [15] and home-made rou-
tines were used in this work to do the maths.

3.3. Field trial design, pesticide treatment and sampling

Three different tomato cultivars (Rambo, Raf and Zayno) were
grown in a 1 ha greenhouse located at the Experimental Farm UAL-
ANECOOP (Almeria, Spain). Plants were arranged according to a
design following the criteria previously published in a previous
paper [7], which is depicted in Fig. 1.

Plants, receiving routine horticultural practices, were treated
with Botran 20 (carbofuran 20%, w/w), which was incorporated in
the irrigation water at the doses recommended by the supplier (4
L/ha), following the scheme depicted in Fig. 1. Finally, Rambo and
Raf tomatoes were sampled following the protocol described in a
previous work [7].

3.4. Extraction step and LC-ESI-MS analysis

Rambo and Raf tomato extracts were obtained by using the orig-
inal QUEChERS method [16,17] including some modifications [7].
The steps in the extraction process are as follows: (1) weigh 15¢g
of thoroughly homogenized sample into a 50 mL Teflon centrifuge
tube; (2) add 15 mL of ACN acidified with 1% AcOH; (3) add 6¢g
of anhydrous MgSO,4 and 2.5g of AcONa-3H,0; (4) shake vigor-
ously for 3 min by hand; (5) centrifuge the tube at 3700 rpm for
5min. On the other hand, a preconcentration step was carried out
by evaporating to dryness aliquots of 10 ml of supernatant in a
rotatory evaporator, which were reconstituted with 1 ml of ACN.
Finally, the extracts were filtered through Millipore membrane
Teflon filters (0.45 pwm particle size) before injection into the chro-
matographic system. The chromatographic separation was carried

out in an identical way for both classes of samples, following the
procedure previously described [7].

3.5. Data sets and multivariate analysis

Eight treated and non-treated Rambo and Raf tomato samples
from each sector (A, B and C) of the greenhouse were used in this
work, in such a way that the total number of available samples for
this study was 96.

After LC-MS analysis in full scan mode and zero values elimina-
tion, every sample was represented by a 507 x 710 matrix, where
the first value corresponds to the number of retention times (30 min
of chromatographic run with 507 points) and the second one to the
number of mass (50-750 amu with 710 m/z values). These data files
were provided in cdf format by the HP Chem Station Software and
then they were converted to ASCII format to be processed with
MatLab.

Matrices were undergone to a reduction in its dimensionality
by using a Discrete Wavelet Transform (DWT) with Haar wavelet,
which compressed them to a quarter of its size, without losing rel-
evant chemical information. After this procedure, all matrices had
a size of 127 x 178. More details about this pretreatment can be
found in a previous paper [7].

Because of the complexity of the data set and hardware
limitations, every wavelet reduced matrix was divided in four chro-
matographic time regions (data points 1-35, 36-70, 71-100 and
101-127, respectively). In this way, equivalent regions of all sam-
ples were used to compose column-wise augmented matrices (one
per region). Each of these augmented matrices was constituted by
second order data corresponding to the eight Rambo and Raf treated
samples, which were picked through the eight sampling days from
the sectors A, B and C, and by the eight non-treated samples picked
on the same days, from these same sectors.

Before MCR-ALS, SVD was applied to the augmented matri-
ces, in order to estimate the number of significant components
responsible for variance generation. Finally, MCR-ALS resolved the
column-wise augmented matrices into individual concentration
and spectral profiles using non-negativity (spectra and concentra-
tions) and unimodality (concentration) constraints. Concentration
profiles in combination with sampling time provided the evolution-
ary profiles of the endogenous metabolites present in both treated
and non-treated Rambo and Raf samples.

The evolutionary profiles were compared by using a home-
made routine which allowed us calculate the Pearson’s correlation
coefficient between profiles. These profiles were also partially com-
pared through relative movements of one over another to check
if metabolite pathways were retarded or accelerated in terms of
sampling time.

On the other hand, concentration profiles of the MCR-ALS
resolved components were used to build PLS-DA classification
models. To do that, concentration profiles from the four obtained
MCR-ALS resolutions (one per region) were compiled in a single
matrix which had a size of NSamp x Ncomp, being NSamp the total
number of available samples (96) and Ncomp the sum of the com-
ponents estimated by SVD on the four column-wise augmented
matrices and resolved by the MCR-ALS procedure. In this sense,
every second order data matrix was represented by a single first
order vector of resolved components areas.

It should be taken into account that classifying groups of sam-
ples based on their metabolic profile might not be an easy task
due to the low number of objects compared to the large number of
variables (in our case, concentration profiles of MCR-ALS resolved
components). The large number of peaks in these samples that
are all potential biomarkers involve modeling and validation chal-
lenges. The number of samples needed to accurately describe such
a classification problem increases exponentially with the number
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Fig. 1. Scheme of the planting design developed in the greenhouse and spatial distribution of the plants untreated and treated with carbofuran pesticide.

of variables measured. However, the number of samples used in
these applications is usually much smaller than the number of vari-
ables. Although PLS-DA is one of the data analysis methods used in
these kind of cases, unfortunately this procedure eagerly overfits
the data[18] So, with thatin mind, a simple procedure was tested to
select components in an attempt of reducing the number of active
variables. Given the areas of all the MCR-ALS resolved components
in a set of known samples (the calibration set) and the respec-
tive classes of them, it was evaluated, component by component,
if there was statistical equality of mean areas between samples
of different classes. With this aim, the Levene’s test was applied
to check if variances in both groups could be considered statisti-
cally equal or not, and then a t-test was performed taking that into
account. Finally, all components for which the hypothesis of equal-
ity in mean areas could not be rejected were discarded, being the
rest of the components the selected ones. When more than two
classes of samples were involved, the components selection pro-
ceeded evaluating “one vs one”. Then all selected components were
joined, and finally a copy of that selection was obtained discarding
all the repeated components.

In summary, PLS-DA models were built with and without com-
ponents selection. In both cases, matrices of both predictor and
predicted variables were mean-centered and this was the only
preprocessing applied to the data. Besides the fact that some prob-
lems could arise due to the use of cross validation (CV) in models
optimization [18,19] and taking into account that the main objec-
tives of this work were not related to an exhaustive study of these
issues, the number of latent variables selected for each model was
obtained by leave-one-out cross validation (LOOCV) on the calibra-
tion sets. In general, this number of latent variables was the one
represented by the first minimum in Root Mean Squares Error of
Cross Validation (RMSECV) vs number of latent variables plot. It
should be noted that LOOCV of models which were not built for
binary classifications (models using the PLS2 algorithm, in which
a unique number of latent variables must be used for all mod-
eled classes) had some disagreements in terms of what number
of latent variables could be considered as the optimal one, since

the minimum CV error for each class could be obtained for differ-
ent number of factors. In these cases, the number of factors selected
was the one coincident with the minimum error for the worst pre-
dicted or generally worse predicted class, even when for the rest
of the classes this number would not have been the best choice,
in a try to keep all the classes more or less contemplated by the
models.

Finally, since PLS-DA models were built with PLS Toolbox 3.52,
each sample was assigned to the modeled class for which the sam-
ple prediction was bigger than the threshold of that class. These
thresholds were estimated using the Bayes Theorem and the avail-
able data in order to minimize total errors. When predictions were
superior to more than one threshold, samples were assigned to the
class with the highest prediction probability. More details about
the calculus of these probabilities and the thresholds can be found
elsewhere [15]. Fig. 2 shows a scheme of the steps involved in this
study.

4. Results and discussion
4.1. Sampling and samples pre-treatment

The pre-harvest interval of a pesticide can be defined as the
minimum time that must elapse between its application and the
crop harvesting. After that time, the concentration of pesticide in
fruits is expected to be lower than its MRL (maximum residues
limit). In tomato crops carbofuran is used at a dose of 4 L/ha with a
pre-harvest interval of 45 days [20].

Usual horticultural practices for this type of crop were fol-
lowed and then, tomato fruits were sampled according to a
protocol proposed by the European Union [21] as indicated
in Section 3. After sampling, Rambo and Raf tomato samples
were extracted according to the QUEChERS method [16,17]. In
this step, the dispersive-solid phase extraction (SPE) clean-up
using PSA (primary-secondary amine), included in the origi-
nal QUEChERS method, was not performed after ACN extraction
as for profiling an exhaustive extraction method is the best
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Fig. 2. Scheme of the steps involved in this study. Rambo (R), Raf (F), Rambo Blank (Rb) and Raf Blank (Fb).
choice [7]. On the other hand, the preconcentration step car- 4.2. Reduction of the dimensionality
ried out before LC-MS analysis allowed us to increase the
sensitivity in the signals in compensation with the loss of sen- Often, LC-MS data sets obtained in full scan mode are

sitivity when the acquisition of the data is performed in scan of large size and as a result their processing becomes
mode. difficult. In this work, the Discrete Wavelet Transform



G.G. Siano et al. / Talanta 85 (2011) 264-275

14000
A;‘:: REGION 1
12000} Comp 35
10000
8000}
6000
4000+
2000t
=2 3 4 5 6 7 =
Sampling day
x 10*
Area B i g
opt REGION 3
Comp63

Sampling day

Fig. 3. Evolutionary profiles of four components (one per region) through the eight sampling days in Rambo treated (

269
x 10*

25
A;‘:: REGION 2
Comp3

2+

15}

1 L

0.5}

O3 56 7 s
Sampling day

e 10* ] i i
A;‘l’; REGION 4
5L Comp43

v 2 3 4 5 6 7 8
Sampling day

), Raf treated ( ) and their respective non

treated samples, Rambo (~=--- ) and Raf (---- ). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of the article.)

(DWT) technique [22] was used to perform data compres-
sion with the aim of facilitating further chemometric data
treatments, without losing important chemical informa-
tion.

Among the different DWT filters, the Haar wavelet (the simplest
and first member of the Daubechies family of orthogonal wavelets)
was chosen because it is the only wavelet which keeps the
non-negativity property in the approximations (low frequency),
allowing the application of ordinary multivariate curve resolu-
tion methods with non-negativity constraints [23]. In this way,
DWT was applied to both dimensions of each individual matrix
by using the standard approach. In this procedure, matrices were
decomposed to level 2 in the wavelet coefficients domain, as a
compromise between compression and resolution, in such a way
that the computer worked fast enough without losses of impor-
tant MS spectral information. Finally, the wavelet approximations
coefficients corresponding to the optimal decomposition level were
used to reconstruct the final reduced matrices in its own sig-
nal domain. Compression to the above indicated level reduced
the MS spectra from 710-178 m/z values in each MS spectrum,
whereas in the other dimension the number of rows (retention
times) was reduced from 507 to 127. This procedure was applied
to each individual data matrix. Although the size of the data matri-
ces was reduced to 25% of their original size in both dimensions,
limitations still related to computational capabilities led us to
apply a further strategy. Thus, by establishing 4 regions in the
time dimension, each 127 x 178 WT matrix was subdivided into
4 submatrices of dimensions 35 x 178 for the first and second

regions, 30 x 178 for third region and 27 x 178 for fourth region
(see Fig. 2).

4.3. MCR-ALS of augmented data

The first step consisted in building up augmented column-wise
matrices D from the individual data matrices, by setting one on top
of the other and keeping the column vector space in common. This
procedure was carried out for the four regions from the original WT
matrices, obtaining four augmented data matrices. The dimensions
ofthese four augmented data matrices depended on the dimensions
of each region. In this way, augmented data matrices built from
regions 1 and 2 had dimensions of 3360 x 178, whereas augmented
data matrices corresponding to regions 3 and 4 had dimensions of
2880 x 178 and 2592 x 178, respectively.

A previous step before MCR-ALS analysis was to determine the
number of components explaining an acceptable value of the total
variance of each augmented data matrix. In this work, a 90% of total
variance explained was chosen as a compromise between number
of component and computational time.

The number of components in each augmented matrix D,
explaining a 90% of total variance, was estimated throughout SVD
algorithm. This estimation gave a total of 139 principal components
inregion 1, 127 in region 2, 95 in region 3 and 80 in region 4.

The matrices C and ST were estimated from each augmented
data matrix by an ALS procedure, starting with the implementa-
tion of initial estimates to spectra profiles, which were calculated
by applying the SIMPLISMA algorithm, fixing the noise level in 0.1.
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Also, during the iterative optimization non-negativity (applied to
concentrations and spectra) and unimodality (applied to concen-
trations) constraints were applied to obtain chemically meaningful
solutions.

Analytical figures of merit, obtained after MCR-ALS optimiza-
tion, are summarized in Table 1. As can be observed, all the MCR-ALS
analysis resulted in a percent of variance explained (r2) higher than
90%.

4.4. Comparison of evolution profiles in different samples

A matrix A containing the areas under the concentration pro-
files for each component at a sampling date was also obtained,
where each value a;; of this matrix corresponds to the area of the
ith component in jth sampling day. Every row of A corresponds to
a MCR-ALS resolved component, in such a way that the matrix A
contains a total of 139, 127, 95 or 80 rows, depending on the region

Table 1

Figures of merit of MCR-ALS analysis for each region.
Region Lack of fit (%) 2 (%)
1 22.07 95.12
2 19.77 96.09
3 19.46 96.21
4 13.84 98.08

being considered. Thus, each row of A represents the evolutionary
profile of each component through the time, which shows how vary
the concentration of each component through the eight sampling
days in the four kinds of samples (treated and untreated Rambo
and Raf cultivars).

An exhaustive comparison of the individual evolutionary pro-
files of all the components which are present in treated and
non-treated samples of Rambo vs the corresponding profiles in Raf
cultivars was carried out for each region. A Pearson’s coefficient (r)
for each pair of evolutionary profiles was also obtained.

Thus, r values close to 1 indicate a high degree of similarity in
the pair of evolutionary profiles being compared, that is, a similar
behavior over time for those components in both kinds of samples.

This behavior is shown in Fig. 3 for a component belonging to
each region. In this case the components are in similar level of
concentration for both Rambo and Raf samples.

However, in some cases, despite of obtaining satisfactory corre-
lations in the evolutionary profiles in both kinds of samples, that is,
similar kinetics of evolution, the profiles appears at different levels
of concentration. In this way, good correlations were obtained for
the evolutionary profiles of some components, for which the evolu-
tion curve of a Raf treated sample is below the curve of the Rambo
treated sample or vice versa. This can be interpreted assuming that,
although the pesticide altered the behavior of the components in
comparison with the blank samples, did not modify the kinetic
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evolution of the component in both cultivars of tomato but did
alter its concentration level in a pattern depending on the culti-
var.

Some examples of these behaviors are depicted in Fig. 4. The
two upper examples show evolution profiles where the level of
concentration in a Rambo sample is higher than in a Raf samples,
and the two lower examples show an inverse behavior. In all cases,
the evolution profiles of the components are different in treated and
non treated samples, for each cultivar. Note how the kinetic profiles
of the blank samples appear at very low concentration levels in
comparison with their respective treated samples.

Fig. 5 shows some examples where the metabolism of the
component has been delayed in a Rambo treated sample in com-
parison with the metabolism in the Raf treated sample and vice
versa.

Finally, some evolutionary profiles showed very low r values,
which usually indicate a very poor correlation between the profiles,
that is, a different behavior in the kinetic profiles depending on the
cultivar of tomato.

4.5. PLS-DA classification

After MCR-ALS resolution, areas from all the resolved compo-
nents (matrices Al, A2, A3 and A4, obtained from the MCR-ALS
analysis of the 4 regions) were compiled in a single matrix which
size was 96 x 441 (samples by components). This matrix was used
to test different approaches of classification.

Since all treated and untreated Rambo and Raf samples were
picked up according to the same sampling protocol and in a similar
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Table 2

Results obtained from different PLS-DA models (R =Rambo Treated, RF = Raf Treated, Rb=Rambo Blank, RFb = Raf Blank, letters in brackets means that these classes are used

as a unique class).

PLS-DA models results Without components selection

With components selection

Model for: Rambo/Raf Blank/Treated 4 classes Rambo/Raf Blank/Treated 4 classes

Classes (R+Rb) (RF+RFb) (R+RF) (Rb+RFb) (R) (Rb) (RF) (RFb) (R+Rb) (RF+RFb) (R+RF) (Rb+RFb) (R) (Rb) (RF) (RFb)
LV (latent variables) 3 2 6 3 2 5

Number of used components/variables 441 441 441 41 63 127

Correct classifications in calibration set ~ 32/32 (100%) 32/32 (100%) 32/32 (100%) 31/32 (96.88%) 32/32 (100%) 31/32 (96.88%)
Correct classifications in validation set 60/64 (93.75%) 63/64 (98.44%) 52/64 (81.25%) 58/64 (90.63%) 63/64 (98.44%) 57/64 (89.06%)

state of maturation, any difference in the behavior between profiles
can be interpreted as an effect due to the presence of pesticide, to
the kind of cultivar or to both.

For the application of the PLS-DA methodologies, a calibration
set was made taking one of every three samples (represented by the
areas of the MCR-ALS resolved components) from the 96 available
samples (starting from the first of them), being the rest of samples
assigned to the validation set to test the screening capabilities. In
summary, calibration and validation sets were built with 32 and
64 samples, respectively. It can be noted that each set contained a
similar proportion of the four kinds of samples (Rambo, Raf, Blank
Rambo and Blank Raf, or R, RF, Rb and RFb, respectively) from the
3 sectors (A, B and C), and also that the same calibration and vali-
dation sets of samples were used both for binary (“Blank/Treated”
and “Rambo/Raf”) and quaternary (“Rambo/Raf/Rambo Blank/Raf
Blank”) models. Depending on the model, coded values were
assigned to each calibration sample according to its category. In the
case of “Blank vs Treated” models as well as in the case of “Raf vs
Rambo” models, classes were represented in a vector by zeros and
ones, respectively, and the PLS1 algorithm was applied to obtain
binary decision models. On the other hand, for “R/RF/Rb/RFb” (four
different classes) models, the codification was done by using a
dummy matrix Y composed of binary digits with as many rows
as training samples were used and as many columns as categories
were present, in such a way that the presence of a unique logic
one per row indicated the class of the sample. Also, when it was
needed, classes R, RF, Rb and RFb were coded with the integer
numbers 1, 2, 3 and 4, respectively. In the four class models, the
PLS2 algorithm for multivariate predicted variables was used when
modeling.

Table 2 shows a summary of the results obtained from different
PLS-DA models. All models presented similar results when calibra-
tion samples were predicted and in general terms, the whole set
is correctly predicted without problems, although this fact could
be due to an overfitting situation respect to the calibration set.
Looking at binary models, especially “Blank/Treated” ones, it can
be seen that they only need a small number of latent variables to
deal with the differences between classes, and taking the good val-
idation results into account, one could assume that no overfitting
occurred in the training step. Maybe the same hypothesis would not
be valid in the case of the quaternary model without components
selection, since it had a perfect prediction for the training set but in
terms of validation results the performance was not at the same or
similar level than the rest of the models, in such a way an overfit-
ting in the modeling stage could have occurred. Another reason for
this lower performance could be that the number of samples rep-
resenting each of the four classes was too small to show differences
among classes, especially when all the original variables were used.
Moreover, modeling with the PLS2 algorithm has the extra difficult
of selecting only one optimal number of latent variables for all mod-
eled classes. In the case of this quaternary model without variables
selection, this pseudo optimal number of factors was the one for
which the CV error for one class (Raf treated) was almost three
times higher than for the rest of classes (data not shown). In fact,

all wrong predictions in the validation set were for treated sam-
ples. Nevertheless, the PLS2 algorithm takes advantage of possible
correlations between Y variables [8], but if the classes were inde-
pendent, this advantage would not be obvious. In our case, classes
had some degree of relationship, since for example Rambo treated
and untreated samples; although they were considered as two dif-
ferent classes, it is supposed that they preserved their common
Rambo nature.

Whenever the components selection procedure was applied,
it was performed at a 95% of confidence level. As can be seen, it
reduced the number of active components in the classifications,
leaving near 10%, 15% and 30% of the originally available vari-
ables for “Rambo/Raf”, “Blank/Treated” and “4 classes” models,
respectively, which may lead to more parsimonious models. See-
ing at validation results, the performance of models which classify
“Rambo”/“Raf” or “Treated/Blank” samples is basically the same,
independently of components selection. On the other hand, in
the case of four different classes, components selection seems to
improve considerably the classification both in terms of correct
predictions and also in the reduction of the needed latent variables.
Related to the last item, CV errors were reduced for all classes (data
not shown).

Fig. 6 shows the predicted vs nominal coded values when PLS-
DA was applied to discriminate between the four classes (Rambo
Treated: 1, Raf Treated: 2, Rambo Blanks: 3 and Raf Blanks: 4) and
using variable selection. The confidence interval for each category
was estimated as the product of the calculated standard devia-
tions of the results for the training samples and the Student t-value
with (n — 1) degrees of freedom. As was commented before, in this
figure it can clearly be seen that calibration samples were correctly
predicted without problems. On the other hand, when validation
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Fig. 6. Plot of the PLS-DA predicted vs nominal coded values for validation sam-
ples (triangles) in the quaternary models with variable selection. Rambo Treated
(1-blue), Raf Treated (2-green), Rambo Blanks (3-red) and Raf Blanks (4-magenta).
Circles to the right of each group indicate the values of the corresponding train-
ing samples and were shifted for clarity. Regions between lines of the same color
indicate the confidence interval for each class (see text). (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of
the article.)
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samples were predicted, a few samples layed out of the confidence
limits.

Besides the fact that components selection did not change the
performance of all models in a radical way, some aspects should be
taken into account. For example, Figs. 7 and 8 show the distribu-
tion of calibration/validation samples in classification models for
“Treated/Blank” samples with and without components selection,
respectively. As can be seen, in both models blank samples are on
the left part of the plane (negative scores in LV1) while treated
samples are mainly on the right part. On the other hand, if LV2 is
analyzed, one can see that components selection leads to a sepa-
ration between Rambo and Raf untreated samples even when no
information about it was given when the model was done, since in
the modeling stage, calibration untreated samples represent only

one group besides the fact of their Rambo or Raf nature. Also, the
components selection process itself did not have any information
about these natures. Thus, under this point of view, components
selection seems to preserve natural and non-modeled characteris-
tics of the samples. Similar conclusions were obtained in other work
[18], in which it was stated that although the score plot should not
be used to infer class separation, it might reveal structures (e.g. sub-
groups) within a class, since if the model is not forced to show this
difference (as it was in our case), this is not a result of overfit, and
thus, such information could be inferred from the score plot. Fig. 7,
which corresponds to the “Treated/Blank” model with components
selection, shows that these facts are also valid for the validation set.

Fig. 9 shows the regression vector for Treated/Blank samples
with components selection and also a loading plot in which it
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the article.)



ertheless, some tendencies are more or less clear inside each sector.
Generally speaking, treated samples show similar levels for these
components. Sometimes blank samples of only one class are near
to those levels, so these blanks could be confounded with treated
samples. These are the cases for Raf blanks with components 4 and
19, and for Rambo blanks with component 48. On the other hand,
component 50 shows a clear difference between treated and blank
samples across all the sectors, so this component could be inferred
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can be seen the relationship between variables. In both graphics
numbered points corresponds to variables with the high absolute
values (relative to the values present in each plot) so that these
selected components can be considered as responsible markers for
the differentiation between classes. Fig. 10 shows resolved compo-
nent areas for the 96 available samples, evaluated at some of these
potential markers. It should be noted that samples 1-32, 33-64
and 65-96 correspond to different sectors of the greenhouse (A, B
and C, respectively). As can be seen, results are sometimes differ-
ent among sectors, so it could be questionable the fact that all these
samples have been grouped in a unique set from which calibration
samples were selected to represent all modeled phenomena. Nev-
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as the most powerful marker. It could also be noted that for a given
sector and component, in all cases the blanks are nearly separated.

It should be noted that the separation between Rambo and Raf
classes obtained for untreated samples is not so clear for treated
ones. This may be because the treatment itself leads to a partial
homogenization, in terms of present or major metabolites, of the
treated samples. As aresult, treated samples seems to be non differ-
entiable, at visual level in score plots, in terms of Rambo/Raf classes.
The hypothesis of partial homogenization in terms of metabolites
due to treatment agrees with the fact that in the 4 classes mod-
els the validation samples that were wrong predicted were from
treated classes, since some Raf treated samples were predicted as
Rambo treated ones and vice versa, but no confusions were present
for blank samples of both kinds of cultivars. Also, when compo-
nents selection was performed for Rambo/Raf models, the number
of variables that was conserved (41) was smaller than for the others
models (63 for Blank/Treated, 121 for the quaternary model), even
when the same parameters were used in all these selections, which
suggests that less components could give concentration profiles
that could be considered statically different or, in other words, that
the treatment leads to a situation in which most of the metabolites
behave similarly.

Rambo/Raf classification models are a bit more complex, since
they need one more factor than Treated/Blank models. The neces-
sity of an additional factor could be due to the fact that in the
calibration step, Rambo and Raf classes are not only represented
by blank samples, which represent the real nature of both kind of
cultivars, but also by Rambo and Raf treated samples. As stated
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Fig. 10. Resolved component areas in the 96 available samples for some components obtained from the Treated/Blank model with components selection. Numbers such
as X/Y inside each plot mean the order in the component selected subset (X) of all the 441 MCR/ALS resolved components (Y) (green=Rambo, red = Raf, filled = Treated,
empty = Blank). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of the article.)
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before, there is a potential homogenization of those samples due
to the treatment, thus it is possible that those samples were not so
different at a signal level (as apparently could be the blank samples
of both cultivars). In other words, treated samples of both classes
would be present calibrating in different groups or representing
different cultivar natures, although showing similar information.
Then, in the calibration step, it could result in a sort of confusion
that could be avoided by using one more factor for the classification
task. Score plots for these models showed Rambo and Raf samples
spatially separated. No extra separations were clearly seen as in the
case of Blank/Treated models, although some samples were close to
be clustered, especially with components selection and for Rambo
Blank/Treated samples (data not shown).

As in the case of Treated/Blank models, a comparison between
regression vectors with and without components selection (data
not shown) would show that the most of the most relevant compo-
nents are present on both kinds of vectors, suggesting again that the
principles of selection performed by the proposed method and by
PLS-DA were compatible. It was also seen that some of the relevant
components for Rambo/Raf classifications were also relevant for
Treated/Blank models. When the resolved component areas were
evaluated for the 96 available samples, it was observed that the
best separations between Rambo and Raf samples were obtained
on the basis of components that were relevant only for Rambo/Raf
classes and not for Treated/Blank ones. In that case, it suggests that
these markers could be useful for Rambo/Raf differentiation, inde-
pendently of the treatment and intrinsically related to the nature
of each kind of tomato.

5. Conclusion

MCR-ALS has been applied to three-way data sets in column
wise augmented matrices in a metabonomic study carried out
on two different tomato cultivars (Rambo and Raf) after treat-
ment with carbofuran pesticide. The methodology demonstrated
to be appropriate to capture individual trajectories of endoge-
nous metabolites through the time. The evolutionary profiles were
obtained over the time for those metabolites that were present
simultaneously in both cultivars with and without carbofuran
treatment, which released useful information to make comparisons
and to obtain general conclusions.

It was observed that the presence of the pesticide in tomato
plants involves a physiological stress situation, which is cultivar
dependent for some metabolites but on the other hand, the treat-
ment itself could lead to a partial homogenization of samples in
terms of present metabolites.

PLS-DA models could be useful to quickly classify samples as
corresponding to different classes. Treated or non-treated (Blank)
PLS-DA models were the best ones obtained herein, which is impor-
tant for this work, since it intended to detect stress effects related
to carbofuran treatment. We also noticed that a simple variable

selection approach could improve the understandability of classi-
fication models and it could reveal hidden information in the data.
Since classifications results were good in general, we believe that
the MCR-ALS resolution obtained was representative of the main
metabolic situations and that the method itself preserved the dif-
ferential information contained in the distinct kinds of samples.
Although components identification was not possible, relatively
easy analysis of regression vectors and interactions between vari-
ables showed how to find potential markers to detect carbofuran
treatment and nature of tomatoes.
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