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a b s t r a c t

Two data fusion strategies (variable and decision level) combined with a multivariate classification
approach (Partial Least Squares-Discriminant Analysis, PLS-DA) have been applied to get benefits from
the synergistic effect of the information obtained from two spectroscopic techniques: UV-visible and
1H NMR. Variable level data fusion consists of merging the spectra obtained from each spectroscopic
technique in what is called “meta-spectrum” and then applying the classification technique. Decision
eywords:
ariable level data fusion
ecision level data fusion
V-visible
H NMR
uzzy aggregation connectives

level data fusion combines the results of individually applying the classification technique in each spec-
troscopic technique. Among the possible ways of combinations, we have used the fuzzy aggregation
connective operators. This procedure has been applied to determine banned dyes (Sudan III and IV) in
culinary spices. The results show that data fusion is an effective strategy since the classification results
are better than the individual ones: between 80 and 100% for the individual techniques and between 97
and 100% with the two fusion strategies.
ood adulteration

. Introduction

Nowadays, food quality and safety characterization is still one
f the key issues whenever dealing with foodstuffs and great effort
as been devoted to the detection of hazardous additives. The appli-
ation of spectroscopic techniques has become a usual tool in food
nalysis [1] and requires the use and development of chemometrics
ools in order to display and interpret vast amounts of data. There
re some approaches that couple or merge data from two or more
nalytical techniques to improve multivariate data interpretation.
his procedure goes under different names: data fusion, analysis
f coupled or linked data, multiset or multiblock data analysis and
ntegrative data analysis [2], among others. In this manuscript, we
hall use the term data fusion as it is the term most commonly used
y data analysts.

Data fusion has been applied in a variety of fields: for example,
he combination of electronic noses and spectroscopic techniques
o authenticate olive oil [3] and white grape must [4], and to deter-

ine sensory attributes in red wines [5]. Spectroscopic techniques

ave also been fused to identify pigments in works of art [6,7] and
ultivars of extra virgin olive oils [8]. Most fused data comes from
nfrared (NIR, FT-IR, MIR), UV-visible, Raman, Fluorescence, and

ass Spectrometry. One of the emerging research areas in which
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data fusion is applied is known as “metabolomics” or “metabo-
nomics”, the goal of which is to obtain information from such highly
complex samples as biofluids, cells and tissues [9,10].

Previous studies have shown that the UV-visible [11] and
High-Resolution 1H Nuclear Magnetic Resonance (1H NMR) [12]
spectroscopic techniques coupled with multivariate classification
techniques are well suited for determining the possible adulter-
ation of commercial spices with Sudan dyes (I–IV). Based on those
results, the main objective of the present study is to evaluate
the combination of both techniques to improve the classifica-
tion results. In addition, as different concentrations of Sudan dyes
can be found in adulterated spices [13], in this paper we will
explore the classification ability when the samples have lower
concentration levels than those studied in the papers mentioned
above. Also, as most of the classification errors were obtained
with samples adulterated with Sudan III and IV, the present study
focuses on these two dyes.The idea is to get benefits of the possi-
ble synergism that two techniques as UV-visible and NMR could
have each other; due to the fact that both are based in differ-
ent fundaments and give different analytical signals, which allows
thinking that the information provided by each one could be
complementary.

The data provided by the two spectroscopic techniques have
been processed separately and jointly by two data fusion strategies:

variable and decision level data fusion. So, the overall performance
of the classification process is evaluated through the well known
classification technique Partial Least Squares-Discriminant Analy-
sis (PLS-DA) for each individual spectroscopic technique and the
fusion process.
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. Materials and methods

.1. Samples

A total of 35 spices from different common markets were
tudied. For UV-visible analysis, each spice was extracted with
cetonitrile and the obtained extract was twice filtered. For NMR,
amples were dissolved in deuterated chloroform and once filtered.
amples contaminated with Sudan III and IV were prepared by spik-
ng the non-contaminated samples at three concentration levels:
.4, 3.6 and 7.1 g/kg. In the end, then, three classes were defined:
lass 1 contained the 35 non-adulterated spices, class 2 contained a
otal of 105 samples adulterated with Sudan III corresponding to the
hree concentration levels (35 samples each one) and class 3 con-
ained 105 samples corresponding to the three concentration levels
dulterated with Sudan IV. More details about the sample treat-
ent and experimental section can be found in previous studies

11,12].

.2. Spectrometric techniques and dataset

1H NMR spectra were acquired at 600.13 MHz on a Bruker
vance III-600 spectrometer, equipped with an inverse TCI 5 mm
ryoprobe®. One dimensional pulse experiments were carried out
sing a 90◦ pulse sequence (zg). For each sample, eight scans
f 9.6 kHz of spectral width were collected at 300 K into 64 K
ata points. A recycling delay time of 15 s was applied between
cans to ensure fully relaxation. Exponential line broadening of
.3 Hz was applied before Fourier transformation and the NMR
pectra acquired were phased, baseline-corrected (5th order poly-
omial adjustment) and calibrated by setting the CDCl3 peak at
.27 ppm (TopSpin 2.1, Bruker Biospin, Rheinstetten, Germany).
V-visible measurements were made by an Agilent 8453 UV-visible

pectrophotometer (Agilent Technologies Inc., Palo Alto, CA, USA)
quipped with a diode array detector (DAD) and ChemStation Soft-
are (ChemStation Rev. A. 08.03). Each sample was measured

gainst solvent as a blank in a 1-cm pathlength quartz cell and with
spectral resolution of 1 nm.

The UV-visible spectra were acquired between 260 and 600 nm
nd had a total of 341 variables. The spectral region for NMR is
ocated between 0.5 and 8.9 ppm and a range corresponding to the
olvent signal (centred at 7.26 ppm) was removed, so finally, there
ere a total of 5698 variables.

The dataset (245 samples) is divided into a training and test set.
he test set was generated by leaving out a 14% of the samples from
lass 1 and from each of the three concentration levels included in
lasses 2 and 3. The selection criterion is based on the PCA scores
lot distribution from both UV-visible and NMR data. Finally, the
raining set consisted of 210 samples and the test set of 35.

. Chemometrics tools

.1. Software

All chemometrics treatment was made with Matlab 6.5 Software
The MathWorks, Natick, MA) and PLS Toolbox 3.5 (Eigenvector
esearch Incorporated).

.2. Partial Least Squares-Discriminant Analysis

PLS-DA is the classical PLS regression technique adapted to a

upervised classification task. A regression model is calculated that
elates the independent variables (e.g. spectra) to an integer “y” that
esignates the class of the sample, with a binary response encoded
s {1 0 0} meaning that a sample belongs to class 1; {0 1 0} to class
and {0 0 1} to class 3. The model predicts the class for each sample
a 84 (2011) 829–833

based on a value from zero to one. A value close to zero indicates
that the sample is not in the modelled class, while a value closer to
one indicates that it is. A threshold between 0 and 1 (above which a
sample is considered part of the class) is calculated using Bayesian
statistics [14]. The Bayesian threshold assumes that the “y” PLS pre-
dicted values are normally distributed and the threshold is selected
at the y value at which the number of false positives and false neg-
atives is minimized. More details of the PLS-DA technique can be
found in the literature [15,16].

The optimal number of latent variables (LVs) to be included in
each model was chosen using leave-one-out cross-validation to
minimize the root mean square-cross validation error (RMSECV)
for each class. At the end, this number is selected through a com-
promise between the optimal value for each class.

3.3. Data fusion

Two levels of data fusion architectures are investigated in this
paper: variable and decision level data fusion.

3.3.1. Variable level data fusion
Variable level fusion concatenates the variables into a single vec-

tor, which is called a “meta-spectrum”. Data must be balanced (all
variables in the same scale) prior to the fusion process, so in our
particular case only the NMR variables are normalized since the
UV-visible intensity values are already between 0 and 1. If the num-
ber of concatenated variables is quite high, a variable selection is
required. Of the various selection approaches, interval Partial Least
Squares (iPLS) was used here [17]. We are not going to describe the
iPLS methodology in detail, merely point out that it investigates
the influential zones of the spectra that contain the most discrimi-
nating predictors, and calculates local PLS-DA models in pre-fixed
narrow intervals.

3.3.2. Decision level data fusion
Decision level data fusion combines the classification results

obtained from each individual technique. In this study, the PLS-
DA classification results are fused using the fuzzy set theory which
implements fuzzy aggregation connective operators. Fuzzy theory,
introduced by Zadeh [18], is a powerful and general technology for
processing information.

A fuzzy set allows membership values between 0 and 1, so in
our case the PLS-DA class assignation values are normalized to the
interval [0,1] through a simple rescaling such as the following Eq.
[19]:

mij = xij − min(xij)
max(xij) − min(xij)

where (mi,j) is the normalized class assignation value, xi,j is the PLS-
DA class assignation value for the ith sample in the jth class and min
and max are the minimum and maximum class assignation values
in each jth class considering all samples, respectively.

Of the wide range of fuzzy connectives and aggregation oper-
ators that are available, we chose four aggregation connective
operators which belong to the class of context independent con-
stant behavior (CICB) operators [20]. The aggregation operators
are: Minimum, Maximum, Product and Arithmetic Average. Con-
sidering the PLS-DA normalized assignation values obtained with
each technique, the minimum and maximum are identified and
the product and average are calculated. For the sake of clarity,

two examples will be shown in the results section. To obtain the
“ensemble decision” of each operator, the maximum value of the
three possible classes is chosen [21]. The sample is finally assigned
by the majority vote provided by all the fuzzy operators in the
“ensemble decision”.
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ig. 1. UV-visible spectra of a random paprika spice: (a) unadulterated, (b) spiked
ith Sudan III and (c) spiked with Sudan IV. Both Sudan dyes are at 5 mg l−1

7.1 g kg−1).

. Results and discussion

.1. Spectra characterization

The only difference that exists between the chemical structures
f the two Sudan dyes is the presence of two methyl groups that
udan IV has. Figs. 1 and 2 show the UV-visible and NMR spec-
ra, respectively, of (a) a random unadulterated paprika, (b) the
ame spice spiked with Sudan III and (c) the same spice spiked
ith Sudan IV. The UV-visible spectra show that the absorption
aximum from both adulterated samples shift slightly towards a

onger wavelength respect to the unadulterated one, and that the
ample adulterated with Sudan IV dye has the highest sensitivity
higher absorbance values). In the NMR spectra, a detailed com-
arison is not so easy, although it is evident that the aromatic zone

n the samples containing Sudan dyes has more signals than the
nadulterated sample.

.2. Selection of test samples

Fig. 3 shows, as an example for class 1, the PCA scores plots
sed for selecting the test set samples. In this case, 5 out of 35
amples are selected from both UV-visible and NMR scores plots, to
over in the most representative way the PCA sample’s distribution.
or the other two classes, the same criterion has been applied but
onsidering the concentration level, so 15 out of the 105 samples
rom class 2 and 15 from out of the 105 samples from class 3 have
een selected (5 from each concentration level).

.3. Independent decision-making

First of all, the UV-visible and NMR data are pre-treated sep-
rately: the UV-visible spectra are mean centred while the NMR
pectra are autoscaled. In addition, before PLS-DA is applied as the
lassification technique, a NMR variable selection is carried out by
eans of the iPLS algorithm. The intervals selected by iPLS are

epicted as solid-line rectangles (Fig. 4) and it can be seen that
hese intervals are in both the aromatic zone and several aliphatic
ones. The final number of selected variables is 777.
Table 1 presents the PLS-DA misclassification results obtained
rom UV-visible and NMR data independently. It can be seen that
he overall error trend for both techniques is that samples are
ssigned to more than one class, one of which is the true class.
t can also be seen that the misclassifications provided by the two
Fig. 2. 1H NMR spectra of a random paprika spice: (a) unadulterated, (b) spiked with
Sudan III and (c) spiked with Sudan IV. Both Sudan dyes are at 50 mg l−1 (7.1 g kg−1).

techniques do not match each other, thus demonstrating the com-
plementarities existing between the different types of information.
A closer look at the table shows that for the training set, most of the
UV-visible errors occur for samples from the unadulterated class
(class 1), which also have a high probability (evaluated from the
Bayesian distribution) of being assigned to class 3 (samples adul-
terated with Sudan IV). This probability varies between 99 and 100%
for class 1 and between 79 and 100% for class 3. This type of error
represents an economic risk since they must be withdrawn from
commercial markets until they have been confirmed. Similarly,
most of the NMR errors occur in samples from class 2 (adulter-
ated with Sudan III), which are also assigned to the unadulterated
class (class 1). To a lesser extent, the opposite also occurs: samples
from class 1 are also assigned to class 2. The implications of these
errors are the same as the ones discussed above, as they are samples
assigned to more than one class.

Following the discussion of the table, only one sample is not
assigned to any class with UV-visible (sample 39) and two with
NMR (samples 29 and 57), shown in hyphenated line (see Table 1).
In addition, two samples are wrongly assigned to another class by
NMR (9 and 33). Of these, sample 33 is an example of the most seri-

ous error possible, as it has implications for the consumer’s health:
a spice is being considered safe for human consumption when in
fact it is not. Finally, if the proportion of samples in each data set is
taken into account, the prediction results for the test set behave in
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Fig. 3. PCA scores plots from class 1: (a) UV-visible and (b) NMR. Selected samples
are marked with squares.
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Table 1
PLS-DA misclassification results when UV-visible or NMR are used individually.

PLS-DA class assignation

Sample True class UV-visible NMR

Training Set

1 1 1,3
3 1 1,3
4 1 1,3
5 1 1,3
6 1 1,3
7 1 1,3
9 1 2
11 1 1,2
14 1 1,2
18 1 1,2
29 1 - - - - -
30 1 1,2
32 2 2,1
33 2 1
36 2 2,1
38 2 2,1
39 2 - - - - -
40 2 2,1
50 2 2,1
55 2 2,1
57 2 - - - - -
ig. 4. iPLS selected intervals for the NMR spectrum from a random spice spiked
ith Sudan III. The solid line represents the iPLS selected intervals when NMR is used

ndividually. The dotted line represents the iPLS selected intervals when UV-visible
nd NMR are fused.

similar fashion to those of the training set. It should be mentioned
hat all the misclassified samples from classes 2 and 3 (Table 1) are
dulterated at the lowest Sudan dye concentration.
.4. Data fusion

.4.1. Variable level fusion
Secondly, UV-visible and NMR data are fused. For the variable

evel data fusion, the 341 and 5698 raw variables from UV-visible
127 3 2,3

Test Set
211 1 1,2
217 2 2,1
219 2 2,1

and NMR, respectively, are concatenated into a meta-spectrum.
Due to the fact that the number of variables is really high, three
consecutive iPLS models were made. The final intervals selected
include all the UV-visible variables as well as some NMR zones,
which are depicted in Fig. 4 as dotted line rectangles. At this point,
826 final variables are selected, 341 of which are UV-visible and
485 NMR. The fact that the variables are selected from both spec-
troscopic techniques is an indication of the synergy between them:
they both provide information that is important for discriminating
the classes considered.

4.4.2. Decision level fusion
In the decision level data fusion, the individual class assignation

results provided by PLS-DA are fused by means of the four fuzzy
aggregation connective operators (minimum, maximum, product
and average) and the majority vote rule, as described in the theory
section. As an example, Table 2 shows the classification results in
terms of numerical values when the different operators are used.
The maximum values for each fuzzy operator are shown in bold.
Sample 18 (class 1) is indistinctly assigned to class 1 and 2 by
NMR, but after the decisions of all the fuzzy operators it is correctly
assigned. Similarly, sample 32 (class 2) is also indistinctly assigned
to class 1 and 2 by UV-visible and NMR spectroscopic techniques, as
they give scaled classification results very close each other. How-
ever, in this case the final sample classification is the same as when
the individual techniques are used.

4.5. Comparison of the different strategies

Table 3 shows the PLS-DA misclassification results for the vari-
able and decision level data fusion. Overall, it can be seen that
there is a great improvement in the results provided by the two
fusion strategies, since the number of errors is lower than when
the individual techniques are used (Table 1). With variable level

data fusion no wrong assignations to another class are obtained.
These results are positive because, from a practical point of view,
samples that are assigned to more than one class or assigned to
any class should be confirmed by an alternative technique. This is
preferable to assigning a sample wrongly. With decision level data
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Table 2
Assignation of classes by decision level data fusion.

Sample 18 Scaled PLS-DA class assignation values Ensemble
decision

Class 1 Class 2 Class 3

UV-visible 0.68 0.42 0.23
NMR 0.51 0.51 0.30

Minimum 0.51 0.42 0.23 Class 1
Maximum 0.68 0.51 0.30 Class 1
Product 0.34 0.21 0.07 Class 1
Average 0.59 0.46 0.26 Class 1

Majority vote Class 1

Sample 32 Scaled PLS-DA class assignation values Ensemble
decision

Class 1 Class 2 Class 3

UV-visible 0.46 0.45 0.19
NMR 0.48 0.50 0.33

Minimum 0.46 0.45 0.19 Class 2,1
Maximum 0.48 0.50 0.33 Class 2,1
Product 0.22 0.23 0.06 Class 2,1
Average 0.47 0.48 0.26 Class 2,1

Majority vote Classes 2,1

Table 3
PLS-DA misclassification results for variable and decision level data fusion.

PLS-DA class assignation

Sample True class Variable fusion Decision fusion

3 1 1,3
32 2 2,1
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Training Set 33 2 - - - - - 1
57 2 1
127 3 - - - - -

Test Set 235 3 - - - - -

usion, two adulterated samples (33 and 57) pose a serious prob-
em because, as mentioned above, they can affect the consumer’s
ealth. The other misclassified sample (32) become in a suspicious
ample that has to be subsequently confirmed as mentioned above.
s in the previous case, the test set follows the same pattern as the

raining set.
Finally, Table 4 shows the correct classification percentages

btained with the individual spectroscopic techniques and with
he two fusion strategies. The global classification percentages
btained for class 1 with variable and decision level fusion strate-
ies are clearly better than those obtained with UV-visible and
MR. For class 2, the fusion strategies improve the classification

esults obtained with the NMR technique while for class 3 all four
trategies give satisfactory and comparable classification values. A
etailed look at the results considering the concentration levels
classes 2 and 3) indicates that lower percentages are obtained for
amples at the lowest concentration level, being the worst case the

ercentage obtained for class 2 with the individual NMR technique
71.4%). For class 2, the NMR classification result is improved by the
wo fusion strategies which give a 97 and 91.4% of correct classi-
cation with variable and decision fusion respectively, which are

able 4
lobal correct classification percentages for each class (bold values). For classes 2
nd 3, the results corresponding to each concentration level (from lower to upper)
re shown in brackets.

Class 1 Class 2 C lass 3

UV-visible 80.0 99.0 (97.1; 100; 100) 99.0 (97.1; 100; 100)
NMR 82.8 90.5 (71.4; 100; 100) 100 (100; 100; 100)
Variable fusion 97.1 99.0 (97.1; 100; 100) 98.1 (94.3; 100; 100)
Decision fusion 100 97.1 (91.4; 100; 100) 100 (100; 100; 100)

[

[
[

[

[
[

[

[
[
[
[
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similar to the UV-visible one. For class 3, the percentages obtained
with the individual techniques and fusion strategies are similar
although the variable selection strategy gives lower values than the
individual ones. On the other hand, with the other two concentra-
tion levels, the maximum classification ability is obtained (100%)
in all cases (individual techniques and data fusion strategies).

5. Conclusions

Fusing data from UV-visible and 1H NMR instruments is a
powerful tool for detecting banned Sudan dyes at three different
concentrations levels in commercial spices destined for human
consumption. None of the adulterated samples with Sudan III and
Sudan IV were misclassified to each other. Some samples at the
lowest concentration level were assigned to their own class and
also to the non adulterated class.

Tacking into account that nowadays many laboratories have a
variety of analytical equipment any data fusion strategy is a fea-
sible way to deal with multivariate approach. Decision level data
fusion has the extra-advantage that it can be applied to all types
of measurements, since it combines the individual multivariate
results. Fuzzy aggregation connectives have been demonstrated to
be a good and simple tool to implement for classification analy-
sis.

The benefits of the data fusion methodology in the present study
are clear because the classification results are better than the ones
obtained individually with UV-visible and NMR techniques, thus
demonstrating that the information obtained from the two spec-
troscopic techniques has a synergistic effect.
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