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We developed a novel computerized approach based on lag-k autocorrelation coefficients (LCCs) and
linear models (LMs) to estimate the concentration of lycopene in foods by the spectroscopy. The LCCs
were calculated using the data obtained using whole visible scans from 400 to 600 nm (vide supra) of
lycopene standards and food samples (ketchup, tomato juice and tomato sauce). The chaotic parameter
(CP) was then transferred into a LM to estimate the concentration of lycopene compound. The integrated
LCC/visible spectroscopy method developed can be considered as a satisfactory analytical technique able
to estimate lycopene concentration in food samples in a fast accurate way, with a mean prediction error
lower than 5.7% and a mean correlation coefficient higher than 0.957.

© 2011 Elsevier B.V. All rights reserved.

1. Introduction

Lycopene presence in the human diet is considered of great
interest [1] due to its superior capacity to capture free radicals
(more than doubling that of (3-carotene). It is an anticarcinogenic
and antiaterogenic agent taking part in intercellular communica-
tion and modulating the immunological mechanisms. It is more
effective than other carotenoids found in both in vitro and in vivo
[2].

In our diet lycopene is found in tomatoes, watermelon, papaya,
persimmon and pink grapefruit, but fresh tomatoes and their pro-
cessed products are the main contributors to the total lycopene
intake. The concentration of lycopene in processed tomato products
depends on the different technological treatment and the origin of
the raw material, ranging between 0.85 and 94.0 mg/100 g [3,4].

In spite of the progress in lycopene determination in food
products, at present food industries still demand environmentally
friendly techniques to minimize the use of chemicals but which
are highly versatile, fast, sensitive and selective enough to analyze
lycopene concentration in complex matrices for developing new
commercial foods [5-7].

Chromatographic methods, such as HPLC, show good precision,
accuracy and sensitivity for the quantification of lycopene in fruit
and vegetable samples and are more specific than spectropho-
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tometry, where [3-carotene and lycopene have common regions.
Nevertheless, Olives Barba et al. (2006) [8] optimized and com-
pared the visible spectrophotometric standard method with an
HPLC method for the determination of lycopene and (3-carotene
in vegetables and concluded that the spectrophotometric method
can be used when lycopene is the main carotenoid as in the case of
tomato products.

The application of mathematical models represents a very use-
ful strategy to improve the accuracy of the analytical data obtained
from some technical equipment. In the last decades, the systems
analyzed by these mathematical tools have been changed from
predictable systems that could be exactly represented by explicit
equations to those whose behaviour is often unpredictable in line
with analysis using traditional linear equations.

In this context, linear and non linear estimative algorithms have
been used to provide an adequate resolution of complex spectrums
such as those obtained in food analysis. As an example, our research
group has solved the overlapping effect of lycopene and [3-carotene
compounds in foods using non linear models based on neural net-
works [9,10]. In addition, the complex behaviour of most chemical
systems (as food matrix) suggests that chaos-based methodology
may be of use for modelling the system dynamics. And this is even
more so in situations where foods must comply with many quality
specifications [11].

Although there is no universally accepted definition of chaos,
most experts would concur that chaos is the aperiodic, long-term
behaviour of a bounded, deterministic system that exhibits sensi-
tive dependence on initial conditions [12]. Given that most chaotic
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regions can represent dynamical systems, and that tools based
on chaotic parameters (CPs) can detect slight variations in initial
experimental conditions [12,13], models based on CPs could be
adequate to determine trace chemicals in food.

In the case of the tomato industry, many companies have
implemented low cost equipment for routine analysis and visi-
ble spectroscopy is a quick and simple technique available in any
quality control laboratory with an affordable cost. In tomato prod-
ucts, where lycopene is the main carotenoid, the spectrometric
method could be easily improved using an algorithm based on
chaotic parameters to rapidly assess lycopene content. To the best
of our knowledge, in the food analysis area, there are few mod-
els based on chaotic parameters [14], but the successful results
achieved in this and other scientific areas lead us to think that a
model based on chaotic parameters would be adequate to esti-
mate the concentration of other bioactive compounds such as
lycopene.

The main goal of the present study is to show an innovative
approach based on spectroscopic data where the implementation
of one CP (an algorithm based on one chaotic parameter) in linear
models (LMs) can accurately predict the lycopene concentration in
food samples in a fast and reliable way.

2. Materials and methods
2.1. Reagents, standards, and instrumentation

2.1.1. Standard samples

Standard samples of all-trans lycopene used in this work were
supplied by Sigma-Aldrich-Fluka (St. Louis, MO), with a purity
>90%. For learning and verification of the model, six individual
working standard solutions were prepared by dilution in hexane in
the range of 0.4-3.2 wg mL~1. Their purity was checked by calculat-
ing the concentration of the standard solution using the extinction
coefficient [15,16].

2.1.2. Food samples

A total of 18 individual samples of tomato juices (3), tomato
sauces (3) and ketchups (3) which are rich in lycopene were con-
sidered for analysis (2 lots of 9 units of three different commercial
brands were purchased in local markets). One batch was used for
learning and verification and the second for validation purposes.
All samples were analyzed in triplicate.

2.1.3. Procedure

Lycopene quantification in tomato products was carried out
after extraction by a hexane: acetone: methanol solvent (50:25:25
v/v/v) by spectrophotometry at 502nm of the hexane layer.
The validation of the analytical procedure, a study of linear-
ity, accuracy, precision, detection and quantification limits has
previously been studied and published in Olives Barba et al.,
2006 [8]. In all tomato products, a minimum of three repli-
cate measurements of spectroscopic absorption for each sample
were carried out. To check spectrophotometer calibration and
for identification and quantification of lycopene in food sam-
ples, standard solutions of known amounts of lycopene (Sigma
Aldrich) in n-hexane (Merk, Darmstadt, Germany) were prepared
every day. The response variables were the absorbance values
in the visible range (400-600nm). The acquisition step of the
visible spectra was 0.5nm. A Pharmacia Ultrospec 4000 UV-vis
spectrophotometer was employed for absorbance measurements
using quartz cells of 1cm path length. Data acquisition and
spectrometric evaluation were performed using PESSW software,
version 1.2.

2.2. Chaotic parameter used

To estimate the lycopene concentration, a chaotic parameter or
spectrum autocorrelation which consists of some lag-k autocorre-
lation coefficients (LCCs) was calculated using the visible spectra
(400-600 nm) of hexane extract of standard samples and lycopene
rich food samples. This spectrum autocorrelation was implemented
in a simple linear model (vide infra).

Lag-k autocorrelation coefficient (R, ) is also known as correlo-
gram or serial correlation function. There is a mathematical relation
between the LCC and the presence of chaos [16]. Sugihara and May
stated that a sharp decrease of the autocorrelation function could
denote the presence of chaos in the database [17]. Later, Kettemann
etal. stated that the lag-k autocorrelation coefficient is a convenient
tool for the characterization of spectral statistic and to describe the
chaotic nature of databases [18].

The autocorrelation function is a linear measure which quan-
tifies the extent to which X, versus X;_j (here X represents the
absorbance of the sample at a given wavelength 1) is a straight
line. This parameter measures linearly how strongly on average
each data point depends on the wavelength lag (AA). This is the
ratio of the autocovariance to the variance of the data. For a given
spectrum, Rp; is between 1 (AA=0) and O (large AXL) [16]. Rp; is
defined by Eq. (1) [14,19],

R _ er:l;lk(xn
a z N-k v N—k -
\/Zn:l (Xn — X)Zn:1 Xnk —X)

where X, X and N represent the UV-vis absorbance set, their
average and the total number of absorbance sets for a given spec-
trum, respectively. Given that the AX value ranges between 5 and
105 nm, with steps of 5nm, 21 values have been obtained. This
A range was selected to use the whole representative LCC range
(LCC=0.980, AL=5, to LCC<1 x 10~>, AA=105nm). For instance,
in the case of AA=10 or AA=20, throughout the work Rx; has
been referred to as Ryg or Ryg (second or fourth lag-k autocorrela-
tion coefficient), respectively. An example of these calculations is
shown in Fig. 1.

*X)(Xn—k*)-() (1)

2.3. Learning, verification and validation sample

The method of building the learning, verification and validation
samples is the same. It consists of calculating the lag-k autocorrela-
tion coefficients following Eq. (1) and using the UV-vis absorbance
values of the standard chemical mixtures and food samples (vide
supra). Every data set of the learning and verification samples is
composed of twenty one lag-k autocorrelation coefficients (vide
supra) with their respective lycopene concentrations, in pgmL~1,
which came from the standard chemical mixtures and food sam-
ples. The formats of these matrixes of databases are 22 columns
(21 LCCs and a lycopene concentration) and as many rows as
numbers of data sets. The concentration ranges between 0 and
3.2 wgmL-1. As an example, visible scans of ketchup (0.500, 0.620
and 1.130 pgmL—1), tomato juices (0.656, 0.718 and 1.518) and
tomato sauce (1.033, 1.138 and 1.157 wg mL~1) are shown in Fig. 1.
The negative slopes of LCC profile trends and their graphical super-
position are mainly based on the fact that the UV profiles also
present similar contours and the nature of the LCC parameter which
relates UV absorbance values for different wavelengths, Eq. (1).
Nevertheless, these slight differences are used by the chaotic algo-
rithms to estimate adequately the concentration of lycopene (vide
infra).

The learning and verification samples were composed of a
database including 78 data sets (rows of the matrix) including
standard, juices, ketchup and tomato sauces (Table 1). The only dif-
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Fig. 1. Absorbance profiles for ketchups (a) (....1.130 pgmL~!; — 0.620 pgmL~;
--- 0.500 pgmL-1), tomato juices (b) (.... 1.518 ugmL~'; —_ 0.718 wgmL~';
0.656 wgmL-1) and tomato sauces (c) (... 1.157 pgmL~!; — 1.138 pgmL~'; -
1.033 ugmL1).

ference between the verification and learning samples is that the
latter is composed of 90% (68 data sets) of data and the former of the
remaining 10%. Taking into account that every datum of the verifi-
cation sample should be interpolated within the learning range, the
data sets were randomly distributed between both samples [20].
On the other hand, with relation to the external validation
process, the above mentioned spectrum autocorrelation has been
calculated using different visible scans from ketchup and tomato
juices and tomato sauces (9 different samples, Fig. 1). The concen-

Table 1
Main composition of learning, verification and external validation samples used.
Databases Number of  Trademarks
samples
Standard Learning and 51 Lycopene (Sigma
verification samples Aldrich)
Tomato juice: Hero,
Granini and Kasfruit.
Commercial External validation 27 Ketchups: Calve, Prima

and Heinz.
Tomato sauces: Solis,
Orlando and Apis.

sample

trations of lycopene in the external validation sample are within
the range of the learning sample [20].

2.4. Linear models

The regression analysis is a simple method for investigating
functional relationships among variables. These relationships are
expressed in the form of an equation or a model connecting the
response or dependent variable and one or more explanatory vari-
ables (a.k.a. independent variables, covariates, regressors, factors,
carriers, etc.) [21].

In this case, a linear equation containing all those variables can
be constructed, Eq. (2):

n

[Lycopene] = Bo + Zﬂ,-LCCi +e€ (2)
i=1

where, [Lycopene], n, 8; (Bo, B1,-- . Bn), LCC; (i=1, 2, ..., n) and
& represent a response variable (here lycopene concentration),
number of observations, regression parameters or coefficients of
the model, independent variables (here lag-k autocorrelation coef-
ficients), and random error, respectively. The error term is an
unobservable random variable that represents the residual vari-
ation and will be assumed to have zero mean, constant variance
and a normal distribution [21].

These multiple regression models present different numbers
of independent variable combinations which range from one to
twenty-one independent variables. The regression models selec-
tion analysis ranks the best subsets of the explanatory variables
based on statistical criterion which consists of their correlation
coefficient (real versus estimated values) and mean prediction
error. In this way, the best group of multiple regression models
can be chosen. After the final regression models have been selected
and thoroughly checked, these models should be validated using
the relationship between the dependent variable and the final set
of independent variables.

In this work, the linear models and statistical analyses were
carried out by SPSS software version 17.

3. Results and discussion

As expected, there are similar trends between absorbance and
LCCs profiles of all the tomato samples analyzed (with lycopene as
the major carotenoid, >90%) and lycopene standard, with a char-
acteristic maximum at 502 nm. No interference of other minor
carotenoids was detected (Fig. 1). The only difference between the
profiles shown in Fig. 1 is based on the chemical matrix where the
lycopene can be found.

The data base used to design and verify the model consists of the
composition of the standard samples composed of the concentra-
tion of lycopene and lag-k autocorrelation coefficients (21 values).
The spectrum autocorrelation has been calculated using whole vis-
ible scans from 400 to 600 nm (vide supra) and then, the description
and design of a linear model has been given.

As a first step in order to guarantee the reliability of the estima-
tions calculated by these models, the applicability domain of the
experimental measurements has been evaluated by searching the
spectrum set with cross-validated standardized residuals greater
than three standard deviations. In this evaluation, no response out-
lier was determined [22,23].

Once the domain of the whole data from visible scans has been
tested, the lag-k autocorrelation coefficients were calculated using
Eq. (1). The lag-k autocorrelating coefficients range between 0.98
and 1 x 10~>. With this information, the learning, verification, and
external validation samples were created (vide supra).
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Fig. 2. Statistical results of the linear models used to estimate lycopene concentra-
tions (M correlation coefficient; 4, mean prediction error).

3.1. Prediction of lycopene concentrations

Twenty one LCC coefficients were calculated with k=5nm
wavelength (AA, Eq. (1)). These LCCs have been combined and
optimized in multiple regression models (vide supra) which are
polynomial functions from the first to the twenty first degree. These
have been created by the combination of 21 independent variables,
Eq. (2). In all cases, correlation coefficient (R?) and mean predic-
tion error values (MPE, Eq. (3)) of estimated and real values have
been calculated, Fig. 2. As can be seen, using linear models with
0-21 LCCs, R? values increase from 0 to 0.99 and the MPE values
decrease from 11.50 to 4.20%. Taking into account the statistical
results shown in Fig. 2, in an attempt to reduce the complexity of
the model, a stepwise variable selection was used to reduce the
number of independent variables required. The best model con-
sists of eight independent variables and is adequate as R? is higher
than 0.984, and MPE (4.30%) is close to the minimum MPE value.
For that reason this linear model was selected and then validated
externally (Eq. (4)).
st|

-100 (3)

Lycopene]; — [Lycopene]f
MpE:lZ“y pene]; — [Lycopene];
N £ [Lycopene];

1

[Lycopene] = —1789.27 + 3092.89 - R1g — 5907.74 - Ry5
+6265.21 - R3g — 6897.43 - Ry5

+8525.91 - R5g — 3487.32 - R55 + 233.589.
R75(R? > 0.984; MPE < 4.30%)

In Eq. (3), N, [Lycopene];, and [Lycopene]™" are the number of
observations, lycopene concentration value and their estimation,
respectively. It is worthwhile to highlight that 8 parameter models
can be optimized and validated using short experimental databases
in comparison with the required databases to design models based
on non linear models.

In Table 2, the statistical results of three comparable meth-
ods to estimate the lycopene concentrations are shown. Torrecilla
et al. 2008 compared linear and NN models in the simultaneous

Table 2
Statistical results of linear, non linear and spectrum autocorrelation models calcu-
lated using the external validation sample (*[10]).

Linear NN model* LCC model
model*
Lycopene R? 0.970 >0.999 0.957
MPE (%) 2.028 4.57 5.70

NN = Neural network; LCC =lag-k autocorrelation coefficients; MPE =mean predic-
tion error.
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Fig. 3. Estimation of the lycopene concentrations in ketchups (®)Tomato juices
(a),and Tomato sauces (H).

estimation of [3-carotene and lycopene and proposed a method
to solve the overlapping effect in the simultaneous determination
of both compounds in binary systems. The MPE and correlation
coefficient of a linear model which uses UV absorbance values
were unacceptable. In the case of the neural network (NN) model,
although it also uses UV absorbance values, it consists of more com-
plex algorithms and therefore the statistical results have notably
improved. Although the third model (LCC model) is not applied to
the same database, the three models are qualitatively compara-
ble. The linear/CPs approach required less parameters and shorter
computing time than the Neural Network model but as it is also
based on non linear algorithms, its statistical results (estimated
versus experimental values) are better than in the case of linear
models, Table 2. More importantly, the lycopene concentration
can be estimated using the LCC/visible approach with the least
MPE.

3.2. External validation

To externally validate the model described by Eq. (4), a new
database has been used (vide supra). The estimations and real
values of the external validation sample are plotted in Fig. 3.
The correlation coefficient and MPE values of estimated versus
real values are 0.957 and 5.7%, respectively. In the light of these
results, the 8 parameter linear model used to estimate the lycopene
concentration in the range studied is adequate. These statistical
results lead us to think that linear models based on the LCCs
can be used to determine the lycopene concentration in food
samples.

In conclusion, the proposed LCC/visible approach is a reliable
tool to determine the concentration of lycopene in food samples.
The most important advantages of the proposed method are (i)
its capacity to estimate the lycopene concentration by calculat-
ing autocorrelation coefficients, (ii) decreases the use of organic
solvents, (iii) the easy, short sample preparation time required.
These autocorrelation coefficients can be calculated easily (Eq.
(1)), and the essential information can be extracted from huge
databases such as visible scans. This model is suitable to estimate
the lycopene concentration both off-line and on-line and therefore
could be appropriate for quality and process control in the food
industry.
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