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Abstract

This work presents a study of quantitative structure-activity relationship (QSAR) on
the cycloguanil derivatives which are reported as growth inhibitors of clone of
Plasmodium falciparum (T9/94 RC17) which houses A16V+S108T mutant
dihydrofolate reductase (DHFR) enzyme. A set of 24 molecule-derived cycloguanil
was modeled using the Gauss View software (03) using DFT B3LYP 6,6-31G-31G (d)
as a base function. The obtained descriptions are purely electronic. The set constitute
the inhibitory activity and the calculated electronic descriptors were statistically
processed with principal component analysis (PCA), multiple linear regression (MLR),
multiple nonlinear regressions (MNLR) and artificial neural network (ANN). The
results obtained by the artificial neural network (ANN) show that the expected
activities are in good agreement with the experimental results, with equal correlation
coefficient R = 0, 912.To determine the architecture of this network, we varied the
number of hidden layers, the number of neurons in the hidden layers, the transfer
functions and the pairs of transfer functions. The best results were obtained with a
network architecture [3-3-1], activation functions (Tansig-Purelin) and a learning
algorithm of Levenberg-Marquardt.

Keywords: Quantitative structure—activity relation ; inhibitory activity ; PCA ; MLR ; MNLR ; (ANN) ; Levenberg-
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1. Introduction

Malaria is the most prevalent infectious disease in tropical and sub-tropical regions of the world. It is mainly due to a
parasite of the genus Plasmodium, spread by the bite of certain species of Anopheles mosquitoes. In fact, P.
falciparum is the most dangerous agent that is responsible for the majority of mortality associated with this disease [1].
Cycloguanil antimalarial molecule is used as a medicine containing the role of inhibiting dihydrofolate reductase
function (DHFR) enzyme by disrupting the DNA formation that ultimately results in the death of the parasite cells. In
response to the emergence of chloroquine-resistant strains, many regions of the world made this drug. Despite this
significant loss of efficiency, there are several reports in the literature on the QSAR models developed for the purpose
of understanding of the mechanism of drug resistance to cycloguanil P. falciparum [2]. Maitarad et al. Made 3D-
QSAR/CoMFA and 3D-QSAR/CoMSIA studies using similar cycloguanil against wild-type and mutant enzymes
guadruple PfDHFR [3]. A 3D-QSAR study was done on the basis of the reported activities against cycloguanil
derivatives A16V+S108T PfDHFR mutant enzyme.

This ledus to generate a quantitative structure-activity relationship study using the studied compounds for which
activities (pICsp) growth inhibition against P. falciparum (T9/94 RC17) hosting A16V + S108T mutant DHFR enzyme
are reported in the literature [4, 5]. We relied on a table containing 24 molecules collected randomly from the work of
Legesse Adane et al [6]. Using a GaussView (03) [7, 8], we inserted electronic parameters such as activation energy
(E,), the total energy (Et), the energy of the highest occupied molecular orbital (Enomo), the energy of the lowest
unoccupied molecular orbital (E_umo), (i) the dipole moment (Anax) the maximum absorption and the factor of
oscillation (fso).

To do this, we applied linear regression, nonlinear regression, principal component analysis (PCA) and neural
networks. This showed that the model for the prediction is of LM learning algorithm of PMC type and [3-3-1]
architecture.

2. Materials and methods

2.1. Chemicals

Previous studies [4, 5] have introduced a number of derivatives of cycloguanil compounds that were evaluated for
their inhibitory activities against the 16V+S108T mutant enzyme, these activities are defined as the constant inhibitor
concentration required for 50% growth inhibition (pICsp). A set of data derived from 24 cycloguanil was used as input
data for the current study. And for this purpose, we have introduced training and testing selection that contains 20 and
4 compounds produced randomly. Hence, pICs, values were used as dependent variables for the results of the RLM,
RLNM and ANN analysis.

The following figure shows the chemical structures of the compounds studied and their corresponding experimental
pICsg activities.
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Figure 1: Structures and biological activities (plCs,-Obs) of drift studied cycloguanil

The experimental activity of the studied compounds was collected from previous works of Legesse Adane and Prasad
V. Bharatam [6]. All chiral molecules are enantiomerically pure and in the configuration S (Sinister). The range of
data on activity ranges from 5,44 to 8,40.

2.2. Calculation and selection of descriptors

We utilized the Gauss View (03) molecular modeling software to represent the molecules. Hence, we used the «The
functional theory of density» (DFT) method to obtain the final geometry. It is known from literature that this method
has become very popular in recent years due to its capacity to reach similar accuracy to other methods in less time and
lower computing cost. In accordance with the DFT results, the energy of the fundamental state of a polyelectronic
system can be expressed by the total electron density, which is used instead of the wave function to compute the
energy composing the fundamental basis of DFT [9], by pressing B3LYP, 6-31G* as a base function [10]. The
optimized molecular geometries were transferred by the same Gauss View (03) computer software as a file (notepad)
in which we extract the values corresponding to the chosen descriptors.

2.3. Methods of Data Analysis

2.3.1. Principal component analysis (PCA)

The principal component analysis (PCA) lets us transform a set of variables correlated to a new set of variables, called
principal components. They are fewer but independent. Using these new variables, the dimensionality of the system is
reduced with a minimum loss of information [11]. The obtained matrix of coordinates allows us to analyze the
dispersion of individuals in the new defined space [12, 13, 14, and 25]. Thus, two samples that are very close
graphically carry similar information, those which contribute the least are close to the origin, and those contributing
the most are close to the large values (positive or negative).It follows that two highly correlated variables will be
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close. Therefore, we can say that the PCA is an unsupervised analysis because it considers all the variables
independently. It is useful in the identification of key variables as well as groups of variables correlated. Beyond its
use in the reduction of dimensionality of the problem, it serves to emphasize the most characteristic information from
a set of data both in terms of variables and in terms of descriptors. With this type of analysis, it is possible to
graphically categorize samples into classes or to highlight correlated or not significant variables in a set.

2.3.2. Multiple linear regressions
The multiple linear regression (MLR) was performed with the XLSTAT (2013) software. It is the simplest and most
commonly used software for the development of predictive models [15]. It rests on the assumption that there is a linear

relationship between a quantitative variable "y" from several explanatory variables {Xi, Xz, X3, Xa ... Xp}, Which are

taken electronic descriptors by software Gauss View (03). Or "p" is the number of variables.
v = bo + byxy + -+ byxy)

2.3.3. Validation
* Coefficients and standard statistical tests
The quality of fit was assessed by:

v Correlation coefficient (R):

B 20— 9)°
Ty — T

R= |1

Where y; and ¥;are the observed and calculated values of the dependent variables.
n: number of the considered data points.
These coefficients determine the variance of the target activity that is explained by the model QSAR, which is to say
by the regression of the target activity based on the initial activity. These activity coefficients are not affected by the
selected unit of measurement and interpret:
* A good correlation between the target activity and initial activity if r is close to 1.
* A non-linear correlation between the target activity and initial activity if r is close to 0.
v Standard Deviation (S):
2ilyvi—9)?

S = W where k: number of restrictions to the degrees of freedom.

It measures the change in the target activity that is not explained by the QSAR model. In particular, the smaller the
standard deviation is the best the correlation will be. Its value is always function of the unit of measurement of the
target activity and also takes into account experimental errors which explain that a too small value has no meaning.
Cross-validation technigques have been applied for the evaluation of the internal prediction model.

*Internal validation

Cross-validation is the most commonly used method to determine the stability of the predictive model and to test the
influence of each sample on the final model. In fact, there are at least three cross-validation techniques: "Test set
validation" or "holdout method", "k-fold cross-validation" and "leave-one-out cross validation" (LOOCV).

This process involves extracting a number n of molecules of the original set of k molecules and building a new model

with the remaining n-k molecules using the chosen descriptors (only the regression constants change).This new model
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is then used for the prediction phase on the n withdrawn molecules. This process is then repeated to withdraw and
predict the values of all the molecules of the training set [16, 17].

*External validation

To test that reliably predictive power, the use of a set of external validation, not used for the development of the model
is required. As long as the original data set is large enough, the latter can be easily divided into two: a driving game in
which the model is developed and a set of validation used to characterize its predictive power.

2.3.4. Artificial neural networks (ANNS)

The ANN analysis was performed with the use of the Matlab (2014) software, neural mounting tool (nntool) toolbox,
on all cycloguanil derived data. Artificial neural network is a non-linear empirical model [18, 19] that is used in the
prediction of biological activity, while its application is booming in many disciplines. It is, among others, an
interesting alternative to traditional statistics for the data processing. In this work, we explained some key concepts of
how RNA and especially the multi-layer preceptor work.

2.3.4.1. Architecture of neural networks

Typically, a neural network is defined by the architecture which is characterized by the transfer function, and how the
interconnection is made between neurons.

There are several transfer functions, the choice is made depending on the problem to solve. They are also chosen
because of their ease of implementation and that of their derivative which is involved in the optimization algorithms.
In our case, the selected network is a multilayer one. This choice is made for the ease and speed of construction in
addition to the fact that our problem has a limited number of input variables [20, 21].

2.3.4.2. Multilayer perceptron (MLP)
The MLP is a layer propagation network model (Figure 2). The neurons are organized in layers: an input layer, an
output layer and in between one or more intermediate layers, which are also called hidden layers.

Hidden layer

Input layer —

Ontput layer

Figure 2: Multilayer Perceptron [3-3-1].

While in theory an MLP can have multiple layers, in practice a single hidden layer is sufficient (Hornik, 1991). To
establish an MLP it is necessary to choose the transfer functions, to identify the relevant inputs, the number of
neurons in the hidden layer, choose the algorithm then optimize and test the network.

e Transfer functions

Neural networks are used for approximation of non-linear models. Nonlinearity is introduced by the transfer functions
used especially for the nodes of the hidden layer. The transfer of the output layer is linear function while in theory, any
nonlinear function can be used. Those selected are generally those easy to calculate and to derive.
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According to Dawson and Wilby (2001), the logic sigmoid transfer function (logsig) is the most widely used. It is
defined as:
fl)=
In this work, we mainly use the linear transfer function (purlin), and function of hyperbolic tangent sigmoid transfer
(tansig). Who are the most used in the modeling.
v Purlin (Linear transfer function): purelin is a neural transfer function. Transfer functions calculate a layer's
output from its net input.
v' Tansig (Hyperbolic tangent sigmoid transfer function): tansig is a neural transfer function. Transfer functions
calculate a layer's output from its net input.

s Bounded between 0 and 1
1+e

3. Results and discussion
In this study, we focused on a series of 24 cycloguanil derivatives to determine a quantitative relationship between
structure and biological activity plCso. In this section, we will use the same approach as we have already used in
previous works [12, 14]. Table 1 shows the values of the calculated parameters obtained from optimized structures by
optimized DFT/BsLYP 6-31G (d).

Table 1: Values of the obtained parameters by DFT/B3LYP 6-31G (d) optimization of
studied compounds:

Molec. plICs Er Evomo Erumo AE 1 Ea  Mnax  fo

1 561 -1162,669 -5,179 -0,343 4,836 1,713 4,05 306,12 0,409
2 6,50 -1084,044 -6,819 -0,025 6,795 4,272 2,765 448,44 0,156
3 6,46 -1123,355 -6,668 0,046 6,714 5,991 3,965 312,71 0,466
4 6,31 -1162,669 -5475 0,051 5,526 6,018 4,012 309,05 0,505
5 6,64 -1201,983 -3,388 0,058 3,446 6,105 4,018 308,57 0,506
6 6,60 -1241,296 -7,239 0,061 7,300 6,110 4,01 309,16 0,507
7 555 -1196,819 -3,307 -1,351 1,956 6,142 3,91 317,10 0,439
8 7,36 -1354,399 -6,630 -0,208 6,422 4,517 3,956 313,41 0,401
9 544 -742,386 -6,401 0,191 6,592 2,253 3,924 315,95 0,460
10 6,33 -703,072 -6,407 0,232 6,640 3,074 4,010 309,21 0,440
11 6,29 -742,384 -6,337 0,237 6,574 3,039 4,009 309,24 0,427
12 6,82 -781,698 -5595 0,243 5,838 3,121 4,013 308,98 0,424
13 546 -781,696 -5,658 0,316 5,974 2,859 4,008 309,33 0,415
14 7,41 934,119 -6,448 0,009 6,458 2,295 3,957 313,33 0,378
15 6,35 -703,068 -6,587 0,187 6,775 2,522 3,971 312,23 0,443
16 6,00 -802,301 -6,549 -0,042 6,506 3,645 3,944 314,40 0,466
17 6,45 -624,442 -3,328 0,360 3,688 3,997 3,971 312,23 0,443
18 6,51 -723,675 -7,300 0,121 7,421 5,143 3,921 316,21 0,456
19 6,53 -1162,665 -6,006 -0,122 5,884 4,210 3,957 313,34 0,450
20 755 -1123,351 -6,604 -0,089 6,515 5,185 3,909 317,16 0,463
21 7,62 -1315,125 -5,727 -0,263 5,463 4,749 3,988 310,92 0,383
22 7,54 -1315,125 -5,753 -0,282 5,471 5,859 4,055 305,74 0,437
23 8,40 -1359,222 -5,829 -0,076 5,753 5,249 4,006 309,53 0,410

24 8,40 -1162,669 -5,179 -0,343 4,836 1,713 4,050 306,12 0,409
Mor. J. Chem. 4N°4 (2016)1061-1075

1066



3.1. Statistical analysis (implementation of the PCA)

The graphical representation of cycloguanil molecules and the study of the electronic properties have shown that a
large number of chemical and electronic parameters were significant; largely, there is a link between these parameters.
So it seems worth trying to process statistical data using a multivariate analysis method such as principal component

analysis (PCA).

3.2. Study of the eigenvalues
The purpose of drawing a bar graph representing the total inertia is to get the maximum inertia preserved with minimal

factors.

inertia Retained

cut K=3

inertia lost

A

PCl1 PC2 PC3 PC4 PC5 PC6 PC7T PC8 PC9

Figure 3: Total inertia diagram

We observe a significant drop from the 4™ axis (PC4) (from 11,44% to 0,85% of inertia) as this one retains 3" PC3
axis representing almost 79,28% of the total inertia c. That is to say, we can explain 79,28% of the information of the

table.

3.3. Correlation Matrix

Table 2: Correlation matrix (Pearson (n)) between different obtained descriptors

Variables plCsy Et Evomo EiLumo AE U E. Amax  Tiso)
pICs 1

Er -0,578 1

Eromo 0,026 -0,041 1

ELumo -0,535 0,791 0,04 1

AE -0,136 0,205 -0,978 0,167 1

U 0,236 -051 -0,013 -0,082 -0,004 1

E. 0,148 -0,311 0,432 -0,251 -0,478 -0,071 1

Amax -0,145 0,31 -0,432 0,246 0,477 0,071 -1 1

fso) -0,364 0,033 0,03 0,289 0,03 0,565 -0,12 0,119 1

v’ E the total energy is positively correlated with the energy LUMO (r = 0,791 p<0,05) at a significant level and
negatively correlated with the dipole moment p (r = 0,791 p <0,05) at an insignificant level.
v" The LUMO energy is negatively correlated with the energy AE (r = 0,978 p <0,05) at a very significant level.

Mor. J. Chem. 4N°4 (2016)1061-1075

1067



v" The dipole moment p is positively correlated with f (s, (r = 0,791 p <0,05) at an insignificant level.
Bold values are different from 0 at a significant level for p<0,05
At a very significant level for p<0,01
At a highly significant level for p<0,001

3.4. Construction of projected point clouds
The correlation circle shows the projection of the electronic variables on the factorial PC1; PC2 shows that the axis

PC1 characterizes molecules having a high activation energy (E,), and high wavelength (Amax).

PC score plot PC1 vs PC2 Circle of correlations (PC1 vs PC2)
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Figure 4: Screening of individuals and variables on factorial Plans (PC1, PC2).

So we can say that the PC1 axis opposes chemical molecules [1; 4; 20; 22] having a high activation energy (E,), to
chemical molecules [7; 13; 14; 16; 8] with a high wavelength (Amay).
As against the contribution of the PC2 axis, this study characterizes the total energy (E1) with a cosine equal 0,455 is

not significant.
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Figure 5: Screening of individuals and variables on factorial Plans (PC1, PC3).

The axis PC3 characterizes molecules [3; 4; 5] having strong dipole moment () and oscillation factor (f ().
On the other hand, the PC1-PC2-PC3 projection (Fig.6) (79,272% of the total variance) also shows that we can
distinguish three groups of molecules with special structure convenience.
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Figure 6: Cartesian diagram according to PC1, PC2 and PC3: Separation between the three groups.

v" Group 1 (G1): Cycloguanil containing compounds with aliphatic groups in position (C6) and position (C4'-
C5".

v" Group 2 (G2): Containing cycloguanil compounds having aliphatic moieties in position (C6) and substituent
such as Cl, H at position (C4'-C5 ") p-chlorophenyl.

v" Group 3 (G2): containing cycloguanil compounds having aliphatic moieties in position (C6) and substituent
such as H, CI position (C4'-C5 ') meta-chlorophenyl.

v" Taking account of the following structure:

Figure 7: cycloguanil structure

3.5. Multiple linear regressions

The descriptors obtained from molecular structures optimized at DFT / B3LYP 6-31G (d), were used for the
development of QSPR models to predict the biological activity of compounds 24 cycloguanil.

The multiple linear regression technigue with the correlation coefficient (R), Mean Squared Error (MSE) and Fisher
test (F) was used to extract the best performing models. Initially, a QSPR model was developed on 20 molecules in the
database (driving set) and 4 randomly chosen molecules for the external validation. Descriptors corresponding to these
20 compounds have been incorporated into our data analysis approach. To develop a quantitative model MLR
technique was used by XLSTAT (2014) software. The best model is an equation with three descriptors correlated well
with experiment (R = 0.841) and more robust with (R.,= 0,729).

plCso = 18,153 — 1,585 x 102 X E; — 2,608 X 1072 X 4,5 — 10,710 X fsoy(1)

N =20 R=0,841 F=12,89 MSE=0,173

Where Ey is the total energy, wavelength Ay and fs) oscillation factor.

The predicted activity (pICs, calculated from equation 1 in the optimal model of multiple linear regressions) and the
values observed are given in table 7. Descriptors proposed in this equation were used as input parameters for the non-
linear regression and the artificial neural network.
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Figure 8: Relationship between the estimated values of pClsy, their predictions and their residues
established by (MLR).

3.6. Multiple non-linear regressions

We also used a non-linear regression model to improve the structure-activity relationship and to evaluate the effect of
the substituent. We applied the proposed descriptors by multiple linear regressions for 20 molecules in the whole
formation and we used the correlation coefficient (R) and the Mean squared error (MSE) to select the best
performance of regression. We used a pre-programmed function XLSTAT of a second degree polynomial type.

The resulting equation was:
plCso = 30,448 — 3,873 x 103 X E; — 0,176 X Ajyqx + 36,16 X fisoy — 1,071 X 107° X EZ
+ 2,383 x 107% x A2,,, — 53,007 X f.2

N =20 R= 0,848 MSE = 0,205

3 1
8 * *
= 25 .
E . . * £ s
2 b’ .
= E ) .
E 7 E 0 -5y - L) L)
5 5 s .5 7,5* 8,5
= . z f
% e ® g] 5 LK ] [ ]
® o ’ L
6 -
6 7 8 -1
predictif activity Calculated pIC50 Activity

Figure 9: Relationship between the estimated values of pClsg, their predictions and their residues established by
(NMLR)

The predicted activities calculated from the equation (2) and the values observed are given in table 7. The real
predictive power of a quantitative model of structure-activity relationship is its ability to accurately predict the
activities of the compounds in an external test set (compounds not used in the developed model). The activities of the
left 4 molecules derived from the training set by the multiple linear and nonlinear regressions. A Comparison of plCso-
test values and plCsy-0bs shows a good forecast for the four compounds:

Multiple linear regressions:

N=4 R = 0,915 R%est = 0,837
Multiple non-linear regressions:
N=4 R = 0,93 R%est = 0,862
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Table 3: the observed activities predicted plCs, and residuals in MLR and MNLR for 4 test compounds (test set).

No Obs MLR MNLR
Pred-test Resid-test Pred-test Resid-test
5,61 7,630 -2,020 7,720 -2,110
8 5,55 7,078 -1,528 7,195 -1,645
16 5,44 6,162 -0,722 6,167 -0,727
20 5,46 6,877 -1,417 6,897 -1,437

3.7. Artificial neural networks

In order to increase the probability to characterize the compounds, artificial neural networks can be used to generate
predictive models of quantitative structure-activity relationship between a set of molecular descriptors obtained from
the multiple linear regression and the observed activities. The determination of the type of architecture PMC-time
neural network asks a question about the choice of the number of hidden layer, the number of hidden neurons, the
number of iterations and transfer functions. For this we randomly divided our database into three parts: 60% for the
training and 20% for the test and 20% for validation.

» Choice of number of hidden layers:
Table 4: presents the calculations of R and MSE for one, two, three and four hidden layers.

Number of hidden layers MSE R

1 0,013 0,707
2 0,25 0,584
3 0,79 0,327

An increase in the number of hidden layers increases the load calculations without any performance report. We can
therefore ensure that the use of a single hidden layer is preferable for the PMC model type.

» Choice of the number of hidden neuron:
A parameter, p, was proposed for determining the number of hidden neurons, which play a major role in determining
the best architecture of artificial neural network [22, 23], defined as follows:

Number of data points in the training set

P= Sum of the number of connections in the artificial neural

In order to avoid over-fitting or under-fitting, it is recommended that 1.8 < p < 2.3 [24]. So with three hidden neurons,
the output layer represents the calculated activity values (pICsp). The architecture of the ANN used in this work [3-3-
1] is depicted in figure 10. All calculations of NN are done on Matlab 2014.

» Choice of transfer functions and the number of iterations:
In this study, we used the Levenberg-Marquardt algorithm (LM) which has high performance qualified learning.
In this case, we changed the number of neurons in the hidden layer and the pairs of transfer functions. The
performance was evaluated by the mean squared error (MSE) and the correlation coefficient (R).
The following table shows the best performance found for various combinations of transfer couples.
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Table 5: Transfer functions torques according to their performance.

Appellations Hidden Layer function  Output Layer R MSE  Number of
function Iterations

T-T Tansig Tansig 0,130 1,360 10

T-L Tansig Logsig 0,805 0,841

T-P Tansig Purlin 0,912 0,094 6

L-L Logsig Logsig 0,250 2,570 11

L-T Logsig Tansig 0,623 3,310

L-P Logsig Purlin 0,515 0,217

P-pP Purlin Purlin 0,556 0,479 12

P-L Purlin Logsig 0,507 1,120

P-T Purlin Tansig 0,556 0,186

From the results obtained, the transfer couple functions (Tansig-Purlin) gave a correlation coefficient R = 0,912 and a
mean square error MSE = 0,094, with an architecture of [3-3-1]. With this configuration we get to a better
performance of the LM learning algorithm. This performance was met after 6 iterations. We can say from these results
that the most powerful model in predicting the biological activity of cycloguanil compounds is the one used as a
transfer function, the tansig function in the hidden layer and purlin function in the layer output while using a learning
algorithm LM, PMC configuration deviation [3-3-1] and containing three layers (Figure 10):

v 3 neurons in the grafted layer, representing the independent electronic variables;

v 3 neurons in the hidden layer;

v/ One neuron of the output layer, representing the biological activity (pICso) of cycloguanil compounds.

Ey Hidden layer

Output layer
pICs,

Electrome properties of the
compounds cycloguanil
.

Figurel0: The architecture of a PMC to 3 input variables, 3 neurons in the hidden layer and one neuron to the output
layer.

The ANN calculated activity model were developed using the properties of several studied compounds. The
correlation between ANN calculated and experimental activity values were very significant as indicated by R and R?
values.

N =20 R =0,912 R?=0,831 MSE = 0,094

These values show that the relationship between the estimated values of plCs, and their residues established by
artificial neural networks. They are illustrated in figure 11. The statistic of the three steps of the calculation by the
ANN: Training, validation and test are illustrated in table 6. In this part, we investigated the best linear QSAR
regression equations established in this study. Based on these findings, a comparison of the quality of MLR and ANN
models shows that the ANN models have substantially better predictive capability because the ANN approach gives
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better results than MLR. ANN was able to establish a satisfactory relationship between the electronic descriptors and
the activity of the studied compound.
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Figure 11: The relationship between the estimated values of pCls, their predictions and their residues established by
(RNA)

Table 6: Values obtained by ANN

Samples RMSE R R?
Training 12 0,038 0,9461 0,8951
Validation 4 0,012 0,983 0,9663
Test 4 0,025 0,972 0,9448

4. Conclusion

In this work, we studied QSAR to predict the biological activity of several cycloguanil compounds which were
evaluated for their inhibitory activities against A16V + S108T mutant enzyme responsible for malaria, the results
show that the relationship between the anti-malaria activity plCsy on other electronic parameters cycloguanil
molecules is non-linear. More precisely, we can say that the artificial neural network had significantly better predictive
ability than the other two models, with more predictive power.

The Levenberg-Marquardt algorithm has exhibited better performance in terms of statistical indicators, as well as the
network architecture is [3-3-1], with a non-linear activation function for the hidden type tansig layer and Purelin for
the output layer, with a very good prediction of antimalarial activity.

We have established meaningful relationships between several electronic descriptors and inhibitory activity against
Al6V + S108T mutant enzyme with a powerful cross-validation, the model proposed in this activity precise
descriptors Et, Amax, fso), are highly relevant.

Comparison of key statistical terms as R or R? different models obtained using different statistical tools and various
electronic descriptors is shown in table 7.
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Table 7: observed values and calculated values of pCls, according to different methods

N° of MLR NMLR ANN CVv
Compound plCsy(0bs) pred Resid pred Resid pred Resid pred Resid
1 6,50 6,505 -0,005 6,502  -0,002 6,290 0,158 6,022 -3,523
2 6,46 6,788 -0,328 6,891  -0,431 6,659 -0,222 6,869 -0,409
3 6,31 6,532 -0,222 6,462  -0,152 6,452 -0,181 6,59 -0,280
4 6,64 6,591 0049 6,502 0,138 6,486 0,117 6,651 -0,011
5 6,60 6,627 -0,027 6517 0,083 6,519 0,047 6,659 -0,059
6 7,36 7,827 -0,467 7,787  -0427 7,367 0,027 7932 -0,572
7 6,33 6,486 -0,156 6,488  -0,158 6,391 -0,105 6,596 -0,266
8 6,29 6,689 -0,399 6,708 -0,418 6,481 -0,227 6,798 -0,508
9 6,82 6,795 0,025 6,835 -0,015 6,546 0,242 6,792 0,028
10 7,41 7,414 0,004 7312 0098 766 -0,192 7,410 0,000
11 6,35 6,376 -0,026 6,371  -0,021 6,372 -0,067 6,591 -0,241
12 6,00 6,230 -0,230 6,259 -0,259 6,35 -0,397 6,867 -0,867
13 6,45 6,251 0,199 6,178 0,272 6,338 0,064 6,109 0,341
14 6,51 6,167 0,343 6,164 0346 6,338 0,124 5997 0,513
15 6,53 7,004 0474 7127  -0597 6,946 -0,416 6,924 -0,394
16 7,55 6,704 0846 6813 0,737 6,643 0,883 6,564 0,986
17 7,62 8,024 -0,404 7915 0,295 7591 0,080 8558 -0,938
18 7,54 7,584 -0,044 7,675 -0,135 8,073 -0,443 8,291 -0,751
19 8,40 7,840 0560 7,839 0561 8368 0,146 7,528 0,872
20 8,40 7,636 0,764 7,723 0,677 8133 0,362 7,361 1,039
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