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Abstract: Genetic algorithm and partial least square (GA-PLS) technique was used to investigate the correlation
between retention time (RT) and descriptors for 24 polyphenols in carob fibre which obtained by high
performance liquid chromatography (HPLC). The applied internal (leave-group-out cross validation (LGO-CV))
and external (test set) validation methods were used for the predictive power of model. It is easy to notice that
there was a good prospect for the GA-PLS application in the quantitative structure-retention relationship
(QSRR) modeling. This indicates that RT of essential oils possesses some linear characteristics. It can also be
used successfully to estimate the RT for new compounds or for other compounds whose experimental values

are unknown.
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INTRODUCTION

Carob is the beanlike fruit of Ceratonia siliqua,
which grows widely in the Mediterranean region and
belongs to the genus leguminosae. Historically, due to its
high content of sugars, the brown pod was consumed as
food, especially in ancient times as a candy for children or
in emergency situations such as war. The carob pulp
contains 40-60% of low-molecular-weight carbohydrates,
mainly sucrose, depending on carob species, origin and
climate [1]. Apart from carbohydrates, high amounts of
dietary fibre and polyphenols are characteristic of this
Mediterranean food. Dietary fibre itself or a diet rich in
dietary fibre is known to exert a variety of physiological
effects, including improved digestion and attenuation of
blood cholesterol and glucose levels [2, 3]. Dietary fibre
probably also has chemopreventive potential against
certain cancers, in particular those of the gastro-intestinal
tract [4-6].

Often the physiological effects of diets or foods rich
in dietary fibre cannot be linked to a single component
because of the presence of additional health-promoting
constituents such as phytochemicals, among which the
polyphenols can exhibit antioxidative, antimutagenic,
anticarcinogenic, antiproliferative, or antioestrogenic
activity.

Polyphenols are a very heterogeneous group and
include simple phenolic acids, cinnamic acid and its
derivatives, flavonoids, iso- flavones,
anthocyans and tannins. Therefore, when included in the
daily diet, these compounds may play an important role in
the prevention and reduction of cancer and heart disease
[7,8].

Quantitative relationship
(QSRR) is statistically derived relationships between
chromatographic parameters and descriptors related
to the molecular structure of the analytes. QSRR on
the retention time have been reported for several
compounds [9-11].

There is a trend to develop QSRR from a variety
of methods. In particular, genetic algorithm (GA) is
frequently used as search algorithms for
selection in chemometrics and QSRR. GA is a stochastic
method to solve the optimization problems defined by
fitness criteria, applying the evolution hypothesis of
Darwin and different genetic functions, i.e. crossover
and mutation [12, 13]. Partial least square (PLS) is
the most commonly used multivariate calibration
method [14, 15]. In the present work, a QSRR study has
been carried out on the retention times (RT) for major

lignans,

structure-retention

variable

individual polyphenols in carob fibre.
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MATERIALS AND METHODS

Data Set: The molecules in the data set, including the 24
major individual polyphenols in carob fibre, are shown in
Table 1. Carob fibre was found to contain a rich variety of
phenolic compounds and the elucidated structures of
24 isolated substances are presented in Fig. 1 [16].
Analytical HPLC was conducted on a Hewlett-Packard
(HP) 1090 liquid chromatograph fitted with a C-18,
reversed-phase (5 pm) column (25 cm x 4 mm 1.D.; Latex,
Eppelheim, Germany). Analyses were performed using a
HP 5973 mass spectrometer coupled to a HP 6890 gas
chromatograph. Prior to Gas chromatography coupled
with mass spectrometry (GC-MS), dried methanolic
extracts (10 pl) were derivatized by addition of BSTFA
(100 ml) at 37°C for 30 min. Liquid-chromatography
electrospray-ionisation mass spectrometry (LC-ESI) was
conducted on an Agilent 1100 HPLC coupled to an
Agilent LC/MSD (HP 1101). Most of the isolated phenolic
compounds were identified by comparison of their UV
spectra and HPLC retention times to those of reference
compounds and by mass spectrometry, including Liquid
chromatography-Nano-electrospray-ionisation mass
spectrometry in the negative- ion mode, nano-ESI-MS in

both negative- and positive-ion modes, MS-MS
experiments where useful, as well as GC-MS.

Table 1: The data set and corresponding observed RT values

No Name RTg

Training Set
1 \% Gallic acid 5.1
2 VI Methyl gallate 10.1
3 XXI1 1,6-Di-O-galloyl-f-d-glucose 11.1
4 XX1I 1,2,6-Tri-O-galloyl-B-d-glucose 13.4
5 XXIV 1,2,3,6-Tetra-O-galloyl-f-d-glucose 15.9
6 I p-Coumaric acid 17.3
7 XIX Ferulic acid 18.8
8 XvIl Myricetin glucoside 19.7
9 XII Myricetin 21.4
10 XVI Myricetin 24.4
11 I Quercetin 25.4
12 XV Kaempferol 29.3
13 I Cinnamic acid 29.5
14 XI Quercetin 29.7
15 XX Naringenin 30.1
16 XII Isorhamnetin 32.6
17 XXI Genistein 32.7
18 X1V Kaempferol 344
19 Vil Apigenin 35.1
20 IX Tricetin 30,50 dimethyl ether 36.1
Test Set

21 v Syringic acid 14.4
22 XVII Quercetin 24.5
23 X Luteolin 31.8
24 VIII Chrysoeriol 35.6
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Fig. 1: Analytical HPLC chromatograms monitored by UV
absorption 1278 for the methanol (A) and aqueous
(B) extracts of carob ?bre. Roman numerals refer to
individual compounds

RESULTS AND DISCUSSION

Results of the GA-PLS Model: To reduce the original
pool of descriptors to an appropriate size, the objective
descriptor reduction was performed using various criteria.
To reduce the original pool of descriptors to an
appropriate size, objective descriptor reduction was
performed using various criteria. Reducing the pool of
descriptors eliminates those descriptors which contribute
either no information or whose information content is
redundant with that of other descriptors present in the
pool. Any descriptor that had identical or zero values for
greater than 90% of the compounds was eliminated. The
remained descriptors were employed to generate the
models with the GA-PLS program. The best model is
selected on the basis of the highest square correlation
coefficient (R?) and relative error (RE) of prediction and
simplicity of the model. These parameters are probably the
most popular measure of how well a model fits the data
[17]. The best GA-PLS model contains 16 selected
descriptors in 11 latent variables space. The R? and RE for
training and test sets were (0.811, 0.629) and (13.03, 25.59),
respectively. The GA-PLS linear model has good
statistical quality with low prediction error. Plots of
predicted RT versus experimental RT values by GA-PLS
for training and test set are shown Fig. 2. Obviously, there
is a close agreement between the experimental and
predicted RT and the data represent a very low scattering
around a straight line with respective slope and intercept
close to one and zero.
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Fig. 2: Plot of predicted RT obtained by GA-PLS against
the experimental values

Model Validation and Statistical Parameters: The applied
internal (leave-group-out cross validation (LGO-CV)) and
external (test set) validation methods were used for the
predictive power of models. In the leave-group-out
procedure one compound was removed from the data set,
the model was trained with the remaining compounds and
used to predict the discarded compound. The process
was repeated for each compound in the data set. The
predictive power of the models developed on the selected
training set is estimated on the predicted values of test set
chemicals. The data set should be divided into three new
sub-data sets, one for calibration and prediction (training)
and the other one for testing. The calibration set was used
for model generation. The prediction set was applied deal
with overfitting of the network, whereas test set which its
molecules have no role in model building was used for the
evaluation of the predictive ability of the models for
external set. In the other hand by means of training set,
the best model is found and then, the prediction power of
it is checked by test set, as an external data set. In this
work, randomly in each running program, from all 24
components, 15 components are in calibration set, 5
components are in prediction set and 4 components are in
test set.

CONCLUSION

In this research, an accurate QSRR model for
estimating the retention time of major individual
polyphenols in carob fibre was developed by employing
the GA-PLS technique. This model has good predictive
capacity and excellent statistical parameters. It is easy to
notice that there was a good prospect for the GA-PLS
application in the QSRR modeling. It can also be used

successfully to estimate the RT for new compounds or for
other compounds whose experimental values are
unknown.
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