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Abstract: The partitioning tendency of pesticides, in this study herbicides in
particular, into different environmental compartments depends mainly of the
physicochemical properties of the pesticides itself. Aqueous solubility (S) indi-
cates the tendency of a pesticide to be removed from soil by runoff or irrigation
and to reach surface water. The experimental procedure for determining the
aqueous solubility of pesticides is very expensive and difficult. QSPR methods
are often used to estimate the aqueous solubility of herbicides. The artificial
neural network (ANN) and support vector machine (SVM) methods, always
associated with selection of a genetic algorithm (GA) of the most important
variable, were used to develop QSPR models to predict the aqueous solubility
of a series of 80 herbicides. The values of log S of the studied compounds were
well correlated with the descriptors. Considering the pertinent descriptors, a
Pearson correlation squared coefficient (R2) of 0.8 was obtained for the ANN
model with a structure of 5-3-1 and 0.8 was obtained for the SVM model using
the RBF function for the optimal parameters values: C=11.12; 6=0.1111 and
e=0.222.

Keywords: genetic algorithm; agrochemicals; descriptors; statistical methods.

INTRODUCTION

Pesticide distribution and fate in various environmental media and compart-
ments is strongly influenced by the inherent properties of the compounds them-
selves, particularly by the basic physicochemical properties, such as solubility in
water, vapor pressure (py) and partitioning coefficients between the organic
matter (in soil or sediment) and water. !
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674 BOUAKKADIA et al.

The water solubility reflects the maximum amount of a chemical that will
dissolve in pure water at a given temperature. The water solubility is one of the
most important physicochemical properties in ecological hazard and exposure
assessments, including environmental fate. The spatial and temporal movement
(mobility) of a substance within and between the environmental compartments of
soil, water and air depends largely on its solubility in water.

The knowledge of the solubility in water is essential when estimating bio-
logical degradation, bioaccumulation, hydrolysis, adsorption and the octanol/
/water partition coefficient. Highly water-soluble chemicals are potentially easier
distributed by the hydrologic cycle, as they tend to have relatively low adsorption
coefficients (i.e., low adsorption to soil and sediment).2 However, due to the
complexity of analytical methods and the high cost of experiments, the applic-
ation of theoretical predictive methods, which are fast, convenient and cost-
effective, for preliminary assessment and estimation of aqueous solubility of pes-
ticides have gained much attention.

Quantitative structure—property relationships (QSPR) models are found on
the basis of the correlation between the experimental values of the physico-
chemical properties and descriptors reflecting the molecular structure of the com-
pounds. In QSPR studies, a regression model of the form (y =Xb + ¢) may be
used to describe a set of predictor variables (X) with a predicted variable (y) by
means of a regression vector (b).3

The objective of the present study was to develop valid QSPR models for the
aqueous solubility, S, of pesticides. Artificial neural network (ANN) and support
vector machine (SVM) were applied for modeling the quantitative relationship
between the aqueous solubility and the structural descriptors of pesticides.
Previous to the generation of the ANN and SVM models, a genetic algorithm
(GA) was used for descriptor selection. The strength and the predictive perform-
ance of the proposed models were verified using both internal (cross-validation
and Y-scrambling) and external statistical validations.

EXPERIMENTAL
Data set

The data set in this study comprises diverse chemical classes of 80 pesticides. The data
were collected from the literature,? and were compiled in the units of mg L1, and presented as
the logarithm of S, the values of which ranged from -1.04576 to 5.90091.

The data set was randomly divided into a training set of 58 compounds and a test set of
22 compounds. The names of the compound and their aqueous solubility are given in Table S-I
of the Supplementary material to this paper.

Software

Geometry optimization was performed using HyperChem 6.03.# Dragon software was
utilized to calculate the molecular descriptors. ANN and SVM regression were performed in
the Molegro software.?
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MODELING THE SOLUBILITY OF PESTICIDES 675

Molecular optimization and descriptor generation

The molecular modeling software HyperChem 6.03* was used to represent the molecules
and then, the semi-empirical AM1 method was used to obtain the final geometry. All calcul-
ations were performed under RHF formalism® without configuration interaction. The mole-
cular structures were optimized using the Polak—Ribiere algorithm for criterion with a root
mean square gradient of 0.001 kcal* mol !, The optimized geometries were then transferred to
the Dragon computer software Version 5.37 to calculate 1201 descriptors belonging to differ-
ent classes. Using the corresponding DRAGON software options, constant values of the des-
criptors (standard deviations less than 0.0001), which provide no information, were eliminated
first and then those that were highly correlated (R > 0.95) as they convey redundant inform-
ation. For each pair of correlated descriptors, the one with the highest cross-correlation with
other descriptors was automatically eliminated. In this work, the genetic algorithm (GA) vari-
able subset selection method in the MOBYDIGS release of Todischini® was used for the sel-
ection of the most relevant descriptors from the pool of remaining descriptors. These descrip-
tors were used as inputs of ANN and SVM for the construction of QSPR models, as in similar
work.?

Genetic algorithm

Modeling of the genetic process initiated the development of genetic algorithms, which
could be exploited in a variety of optimization problems.!%1! In this case, a potential solution
is considered as an individual in a population. The value of the cost function associated with a
measurement solution “adaptation” of the individual related to its environment. A genetic
algorithm simulates the evolution, over several generations, of an initial population whose
individuals are poorly adapted using genetic operators of reproductions and mutations. After a
number of generations, the population consists of well adapted individuals, i.e., the supposed
“good” solutions to the optimization problem. From a statistical view point, the ratio of the
number of samples () to the number of descriptors () should not be too low. Usually, it is
recommended that n/m > 5.12 The GA was stopped when increasing the model size did not
significantly increase the Q7 value.

Artificial neural networks

An artificial neural network is modeled on the biological neural networks found in the
central nervous system of animals.!3 An artificial neural network is a mathematical and num-
erical method based on biological neural networks. An ANN consists of some connected
neurons and process information. A network is made of one input layer, one output layer and
may also consist of some hidden layers. Each layer is made of some neurons connected to
other neurons in previous and subsequent layers. A neuron has an input, an output and a
transfer function. The sigmoidal transfer function is one of the performed functions, expressed
by the following equation:

1
- (1)
1+e™5
where a; is the output of the j™ neuron and S; is the input of the j™ neuron, produced by
outputs of the previous layer. S is given as:

S; =2 (wya)+b; )

i=1

aj

*1kcal=4184 ]
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676 BOUAKKADIA et al.

where a; are the outputs of the i neuron from the previous layer, w;; presents the weights
applied to the connection of the iM and jth neuron, and b; is a bias number. !4

An ANN is an adaptive network that changes its structure based on external or internal
information that flows through the network during the learning (training) phase. Estimation of
optimum weights and biases of network needs an algorithm, called the propagation method.
Several kinds of propagation methods are available and back propagation (BP) is the easiest
and simple one with enough reliability. BP and other usual propagation methods are explained
completely in mathematical literatures.!3-16

Artificial neural networks are capable of recognizing highly non-linear relationships
contrary to MLR. When compared with the traditional statistical methods, the flexibility of an
ANN enables more complex relationships in the experimental data to be discoverd.!”

Support vector machine

SVM is a new and very promising classification and regression method developed by
Vapnik.!8 SVMs were originally developed for classification problems; they can also be ext-
ended to solve nonlinear regression problems by the introduction of an g-insensitive loss func-
tion. In the support vector regression, input x is first mapped into a higher dimensional feature
space by using a kernel function, and then a linear model is constructed in this feature space.
The kernel functions often used in SVM include linear, polynomial, radial basis function, and

sigmoid function. The general form of the SVR-based regression function can be written
.19,20
as:'”

(o — " K (x;.0;) +b (3)

M=

f(X,W)=f(x,al-,al.*)=

where both a; and ¢;" are Lagrange multipliers. According to the Karush-Kuhn-Tucker con-
ditions, only a minority sample coefficients are non-zero values, the data points corresponding
to them are called support vectors. These support vectors are the samples that can determine
the hyper plane.!3-2! K(x,x,) is the Kernel function.?2 Any function satisfying the Mercer con-
dition can be used as the Kernel function.?3 In this work, the Gaussian radial basis function
(RBF) Kernel was used in the SVM as below:

K(x,x;) = e Tl /0
x,x;)=e “4

where ¢ is the width of the Gaussian function, so C and o that are the relative weights of the
regression error and the kernel parameter of the RBF kernel, should be optimized by the user,
to obtain the support vector. The parameters of SVMR were optimized by systemically
changing their values in the training step and calculating the RMSE and accuracy of the model
using 5-fold cross-validation. The optimized values of C, o and ¢ were 11.12, 0.1111 and
0.222, respectively, obtained based on the minimum RMSE and maximum accuracy of the
model.

A detailed description of the theory of SVM can be found in several excellent books and
tutorials.2+23

An additional external validation according to Golbraikh and Tropsha?® was applied
solely to the test set. According to the recommended criteria of Tropsha et al., a predictive
QSPR model must meet the following conditions:2”

Q%xr>0.5 5
R2>0.6 (6)
(R-R2%)/R? < 0.6 and 0.85 < k < 1.15 )
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or
(szR’zo)/R2 <0.6and 0.85<k’<1.15 ®)
where
R= Z(yi_;)(}i_);)_z R() _Z(J’i_)’io)
\/Z()’i _J_’)ZZ(J;I' —}7)

= ~2 0T 2

2.(3) ()
where R is the correlation coefficient between the calculated and experimental values in the
test set; R (calculated vs. observed values) and R} (observed vs. calculated values) are the

coefficients of determination; & and k' are slopes of regression lines through the origin of
calculated vs. observed and observed vs. calculated, respectively; ¥ and p/ are defined as:

v =ky )
and
0 =ky (6)

respectively; and the summations are over all samples in the test set.
The reason to use R and require k values that are close to 1 is that when actual vs. pre-
dicted properties are compared, an exact fit is required, not just a correlation.

RESULTS AND DISCUSSION

The GA parameters that were used in this study are: population size 100 and
maximum generations 100. Five descriptors were selected by GA (Table S-II of
the Supplementary material), which are: MATS8m, RNCG, AlogP2, MAXDN
and Mor26u. Table I gives e short descriptions of these descriptors.

TABLE I. Description of the selected descriptors by GA

No Symbol Class Meaning
1 MATS8m 2D autocorrelation indices Moran autocorrelation — lag 8 / weighted by
atomic masses

2 RNCG Charge descriptors Relative negative charge

AlogP2 Molecular properties Squared Ghose—Crippen octanol-water
partition coeff. log P?

4 MAXDN Topological descriptors Maximal electrotopological negative variation

5 Mor26u 3D-MoRSE descriptors 3D-MoRSE — signal 26 / unweighted

w

Artificial neural network

The inputs of the ANN were a subset of the descriptors selection by genetic
algorithm from a large set of descriptors. The input layer comprised five des-
criptors. Usually one hidden layer is enough. After several trials, a hidden layer
with three neurons was selected; Fig. 1 explains this choice. The calculated sol-
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6 7 8 BOUAKKADIA et al.

ubility values (log S) constitute the output layer (e.g., the NN architecture is
5-3-1). A sigmoid transfer function 1/(1+e*) was used. After 212 epochs, a cor-
relation coefficient of 0.86 (n = 58) between calculated and observed log (S / mg
L-1) was obtained.

e
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Fig. 1. A— RMSE and B — RMSEgxt values vs. number of neurons of the hidden layer and
the number of epochs.

The general statistical parameters selected to evaluate the prediction ability
of the constructed model are: root mean squared error for the training set
(RMSE), root mean squared error for the external data set (RMSEgRxT), cross
validated squared CC (Q?) and the Pearson correlation squared (R?).

Thus, a 5-3-1 architecture was obtained, the statistic parameters of the final
optimal model are given in Table II.

TABLE II. Results and statistical parameters of GA-ANN and GA-SVM

Parameter Set GA-ANN GA-SVM
Number of neurons - 3 -
Epochs - 212 -
C - - 11.12
E - - 0.222
) — - 0.1111
Q%00 - 0.7748 0.7125
R? Training set 0.8097 0.8403
Validation set 0.7412 0.7068
RMSE Training set 0.5968 0.5933
Validation set 0.5823 0.5782

The plot shown in Fig. 2 indicates that there was a significative correlation
between calculated and observed log S values (Table S-II of the Supplementary
material), which shows a weak dispersion of the points around the first bisectrix,
which confirm the acceptable performance especially for rough estimations.
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Support vector machine

The quality of SVM for the regression depends on several parameters,
namely, kernel type k, which determines the sample distribution in the mapping
space, and its corresponding parameter o, capacity parameter C, and e-insensitive
loss function. Optimization of the SVM parameters was performed by system-
atically changing their values in the training set and calculating the RMSE of the
model using 5-fold cross validation.

First, with the value of C fixed and the epsilon value and ¢ value varied, a
minimal RMSE corresponds to optimal values of ¢ and ¢. Once ¢ and o are opti-
mized, the regularization parameter C that controls the trade-off between maxi-
mizing the margin and minimizing the training error is optimized. To find an
optimal value of C, the RMSE of SVM models with different C values was cal-
culated. The variation of RMSE vs. C values was plotted in Fig. 3. As shown in
this figure, the optimal value of C was 11.12. The optimal values of the three
parameters and the final optimal model were determined and are given in Table II.
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6 8 O BOUAKKADIA et al.

The predicted log S values are plotted against the experimental values (Table
S-II of the Supplementary materials) in Fig. 4. The predicted values are, in
general, in good agreement with the corresponding experimental values.
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The statistical parameters show that the models established a strong correl-
ation between the five selected variables and the studied property, characterized
by excellent parameters 0?1 oo > 0.5.28 in addition to a good standard error
(RMSEANN = 0.5968, RMSEgyv = 0.5933). All statistical parameters of the
model are satisfactory and prove that the models are stable, robust and predictive.
Then, the built models were used to predict the test set data.

Analysis of descriptors contribution in the ANN model and interpretation

To evaluate the influence of each descriptor on the calculated solubility, the
relevance score was used. The relevance score is calculated by following all
paths from the input neuron to the output neuron (including hidden layers). For
each path, the product of all the connection weights (in absolute values) were
added to the score. Afterwards, all relevance scores are normalized to be in the
range between 0 and 100.5

The relative value of contributions of the five descriptors of the model was
determined (Table III). These values of contributions allow the following class-
ification: RNCG > AlogP2 > MAXDN > MATS8m > Mor26u. It should be noted
that the difference in the descriptor contribution between any two descriptors
used in the model is not significant, indicating that all of the descriptors are
indispensable in generating the predictive model.

These values confirm the great effect of the RNCG and AlogP2 on the sol-
ubility. Another advantage of this method is the determination of the impact of
each descriptor on the aqueous solubility.

The relative negative charge (RNCG), the first important descriptor, is the
charge of the most negative atom divided by the total negative charge (Oneg)- The
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MODELING THE SOLUBILITY OF PESTICIDES 68 1

charge density of the ions plays an important role in the interactions of these ions
and the water molecule, which reflects the influence of the negative charge on the
aqueous solubility. The second important descriptor, the squared Ghose—Crip-
pen—Viswanadhan octanol-water partition coefficient (AlogP2) is calculated
from a regression equation based on the hydrophobic character of the molecule.
It reflects both the interactions of the solute with the bulk of the surrounding
solvent (macroscopic or non-specific solvent effects) and the specific bonding
between the solute and individual solvent molecules (microscopic or specific sol-
vent effects).2?

TABLE III. Relevance score

Index Name Relevance score
0 RNCG 100

1 ALOGP2 76

2 MAXDN 39

3 MATS8m 32

4 Mor26u 28

MAXDN, a topological descriptor, is the maximal electrotopological negat-
ive variation (MAXDN) is calculated as the maximum negative value of DJ
(topologic distance) in the molecule.

Mats8m is a 2D autocorrelation indices that is calculated by applying the
Moran coefficient to the molecular graph.’

Mor26u is a descriptor of the 3D-MoRSE descriptor class, the 3D-MoRSE
descriptors are 3D molecular representations of structure based on electron dif-
fraction descriptor,3031 that are calculated by summing atomic weights viewed
by a different angular scattering function. The values of these descriptor func-
tions are calculated at 32 evenly distributed values of scattering angle (s) in the
range of 0-31 A from the three-dimensional atomic coordinates of a molecule.
The 3D-MoRSE descriptor is calculated using following expression:

nAT-1 nAT
Morsw = Z z AZH (sin(srij) / Sl”l-j) (16)
=1 j=i+l

where s is the scattering angle, nAT is the number of atoms, r;; is the inter-
atomic distance between the ith and the jth atoms, w is an atomic property, inc-
luding atomic number, masses, van der Waals volumes, Sanderson electronegat-
ivities and polarizabilities.

The statistical parameters obtained for the test set,32 demonstrate the power
of the predictivity of the models.

Comparison of the results with other modeling methods

The present results were compared with those obtained in previous public-
ations using other modeling methods. The comparisons are summarized in Table
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6 82 BOUAKKADIA et al.

IV, which shows that the presented SVM model gives better predictions than
most of the other methods, because fewer descriptors were used than in the the
other models, and an almost similar result was obtained. In addition, the herein
presented models were evaluated using different statistical parameters compared
with the other model in the literature.33

TABLE IV. Comparison of the presented results with those obtained using other modeling
methods

Test  Training Number of

Reference Method R2tr R2test RMSE

set set descriptors
Our results ANN 22 58 5 80.97 74.12 0.5968
SVM 22 58 5 84.03 70.68 0.5933
Deeb and Goodarzi®  PLS - 219 22 79.98  79.44 -
PC-ANN - 219 22 8435 8193 -
Bouakkadia e al.?® MLR 19 58 6 88.95 85.11 0.5200

The difference between this work and the previously published work on this
data set is that the number of compounds in the validation set was not the same
and also the two training and validation sets did not contain the same compounds,
because the method of separation was not the same. Additionally, the descriptors
selected by the genetic algorithm are different except for AlogP2.

CONCLUSIONS

A quantitative structure—property relationship analysis was performed on the
logarithm of the solubility in water for 80 pesticide compounds using ANN and
SVM. The built models clearly demonstrate good correlations between the struc-
ture and aqueous solubility of the studied compounds. Five descriptors were sel-
ected with genetic algorithm. The selected descriptors, i.e., MATS8m, RNCG,
AlogP2, MAXDN and Mor26u, were found to be important factors controlling
the aqueous solubility. Comparison between the ANN and SVM methods demon-
strates that the performance of SVM model is better than that of ANN, but the
ANN model is more general than SVM because of the great value of R2.The
proposed models will help identifying new pesticides and provide insight to
guide their development and may be useful for predicting their solubility.

SUPPLEMENTARY MATERIAL

Additional data are available electronically at the pages of journal website: https://
//www.shd-pub.org.rs/index.php/JSCS/index, or from the corresponding author on request.
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U3BOJ
KOPHUIIREE GA-ANN U GA-SVM 3A QSPR CTYIUJY PACTBOPJBMBOCTHU
NECTUIUIA Y BOOU

AMEL BOUAKKADIA" NOUREDDINE KERTIOU"* RANA AMIRI', YOUSSOUF DRIOUCHE' 1 DJELLOUL MESSADI'

"Environmental and Food Safety Laboratory, Department of Chemistry, Badji Mokhtar University — Annaba,
BP. 12, 23000 Annaba, Algeria u *Abbes Laghrour University, Faculty of Sciences and Technology —
Khenchela, BP 1252 Route de Batna, 40004 Khenchela, Algeria

Texmwa necTMLUAa, Y 0BOj CTyOHjU HAPOUYUTO XepOULUaA, 3a Paclojely Mo pasTuuuTHM
oIieJbLIIMa KUBOTHE CpPeJVHe, 3aBUCH YITIaBHOM OJf GHU3NUYKOXEMHUjCKUX 0CODMHA CaMHX Iec-
tununa. PactBopsuBOCT ¥ BonH (S) ykasdyje Ha TeHIEHIH]y MEeCcTULHAA [a Ce YKJIOHe HCIU-
pameM WX UPUTalMjoM Ia OU 3aBPLIMIH y MOBPIIHHCKUM Bofama. EKcriepuMeHTaIHH MOCTy-
mak 3a ongpehuBame pacTBOP/BUBOCTH TECTHIHIA V BOOU je BeoMa CKynm M Texak. QSPR
METOJie CE YECTO KOPUCTE 3a NIPOLIEHy pacTBOP/bUBOCTH XEPOULIUIA Y BOAU. MeTone BemTauke
HeypoHcke mpexe (ANN) u BekTOpcke MmaliuHe 3a nogpuky (SVM), cBaky myT mosesaHe ca
cenexnujom nmomohy reHetuukor anroputma (GA) 3a usbop Haj3HauajHUje Bapujadie, dume cy
kopuurheHe 3a pa3Boj QSPR mopena 3a npensuhame pacTBOP/BUBOCTH Y BOAU cepyje on 80
xepbununa. Bpennoctu log S nmpoyyaBaHUX jenumera JoOpoO Cy KopenucaHe ca JJeCKpUITO-
puma. Pasmatpajyhu moromHe jmeckpunrtope, kBaapaTHu ITupcoHoB koeduumjeHt (R?) 0,8
nobujen je 3a ANN mogen 3a cTpykTypy 5-3-1, a 0,8 je nobujen 3a SVM mopen xopucrehu
RBF ¢yHkuujy 3a onTumainse BpegHocty napamerapa: C = 11,12; 0 =0,1111 u e = 0,222.

(ITpummeno 18. jyna, pesupupano 19. asrycra, npuxsaheHno 6. okrodpa 2020)
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