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ABSTRACT

Phosphodiesterase V acts as an attractive targetéodiovascular, Quantitative Structure—ActivityelRtionship
(QSAR) technique is helpful for the optimizationstiicture requirements of twenty-six 1-(2-ethoxy@t1H-
pyrazolo[4,3-d]pyrimidines as phosphodiesterase n¥ibitors. This work was conducted using the ppati
component analysis (PCA) method, the multiple linesgression method (MLR), the multiple non-linear
regressions (MNLR) and the artificial neural netiwdANN). The predicted results of various study moumds
afford reliable prediction of 1§, with respect to experimental data. Density funwictheory (DFT) calculations
have been carried out in order to get insights itfte structure, chemical reactivity and propertjoimation for the
series of study compounds. This study shows teaR@A, MLR and ANN have served also to predicvitiess, but
when compared with the results given by the RNL®remlized that the predictions fulfilled by thidter were
more effective.

Keywords: DFT study, QSAR1-(2-ethoxyethyl)-1H-pyrazolo[4,3-d]pyrimidine, chovascular

INTRODUCTION

Phosphodiesterase enzymes catalyse the conver§iamyctic GMP and cyclic AMP into the corresponding
nucleotide monophosphates with the emergence dofculds like sildenafil and tadalafil. The phosplestérase V
(PDED) inhibition is now emerged as the most faeotdol for the treatment of erectile dysfunctionnien. Large
amount of research was carried out for the idesatiifbn of new, selective PDES5 inhibitors and toeistigate their
usefulness in cardiovascular disorders to act aswar smooth muscle relaxants. In human PDE5eiguigntly
observed in lungs, platelets, and vascular smoatschas. PDES is specific for the cGMP, in its bodialytic sites,
and in the two cGMP-binding allosteric sites [145] PDES5 there are two cGMP-binding domains: (iNaterminal
domain harbouring a site for phosphorylation arngd &i C-terminal catalytic domain of the enzyme [:1The
catalytic domain of PDES5 is constituted by four angparts which includes three helical subdomaind\&erminal
cycling-fold region, a linker region and a C-teraitelical bundle.

Since its introduction more than forty-five yeagod13], structure-activity relationships have belmveloped for
various areas of applications, e.g. estimatinghef different substance characteristics as wellhag activities
levels. Quantitativestructure-activity relationships (QSAR) are widelyed to predicbioactivities from chemical
structure and corresponding physicochenycaperties. The numerous QSAR studies have beeiedaut in order
to explain or predict inhibitory activities of oiffgrent living systems [14-16].
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Figure 1: The structural template of 1-(2-ethoxyetkyl)-1H-pyrazolo[4,3-d]pyrimidines

Table 1: Observed plG; of the studied compounds [19]

Mol. N° R, R, R3 p|C5c Mol. N° R, R» R3 plec
N 7 1\ A
N
1 E Nﬁ /© 1155 14 Et bNH | 0,119
NH G
Ny AN NH N
2 Me | 0398 15 Et | 0,699
NH N N F
H
-
Ny AN N N
3 Et \ 1155 16  Et | 0,143
NH N/ N P
H
-
\N X N N X
4 Me | 0187 17  Et | 1,060
NH N/ I\‘I P
N N N
5 Et \ 0,180 18  Et . NH | 0,377
K/NH N/ ‘ =
\N N AN \N N X
6  Me \ 0,146 19  Me \ -0,362
NH = NH, -
\N N X \N N X
7 Et | 0420 20  Et | 0,108
NH Z NH, F
\N X \N N
8 Et \ 0518 21 Me b | 0,456
NH N/ NH =
\N A \N N X
9 Et \ 0,740 22 Me | 1,155
NH N NH, .
Ny NN o N7
10  Me \ 0415 23 Me | -0,079
N P Sy Z
~ H
Ny NN Sy N7
11 Et \ 0051 24  Et | 1,155
N\ = OH P
o
\N N X N X
12 Et b \ 0,398 25  Et NH, \ 1,097
NH > -
\N
~ \\\ N X N X
13 Et @ | 0079 26  Et OYOH | 1,398
NH - -
o

In this study, we have modelled Inhibition Concatitn 1G, of several organic compounds based on 1-(2-
ethoxyethyl)-1H-pyrazolo[4,3-d]pyrimidind={gure ) using several statistical tools, principal comgats analysis
(PCA), multiple linear regression (MLR), multipleomlinear regression (MNLR) and artificial neuragtwork
(ANN) calculations, for the designing of new phosgiesterase 5 inhibitors with vascular smooth nmauselaxant
activity. The objectives of this work are to deyeloredictive QSAR models for the §§of our studied molecules.
On the other hand, several quantum chemical methodsjuantum-chemistry calculations have been pedgd in
order to study the molecular structure and eleatrdn(2-ethoxyethyl)-1H-pyrazolo[4,3-d]pyrimidineedvatives
properties [17-18]. The geometry as well as theuneatof their molecular orbital, HOMO (highest ocmg
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molecular orbital) and LUMO (lowest unoccupied nualiar orbital) is involved in the properties of loigical

activity of organic compounds. The more relevanienolar properties were calculated. These propedie the
highest occupied molecular orbital energyofo, the lowest unoccupied molecular orbital energyvk, energy
gapAE, dipole moment, total energy E activation energy £ absorption maximurh,,., and factor of oscillation

f(SO)-
MATERIALS AND METHODS

Material

A dataset of 26 compounds was taken from the phadigphosphodiesterase V inhibitors [4-19]. Thevégtunder
investigation is the concentration of the test coumu that inhibited the activity of 1-(2-ethoxyefhyH-
pyrazolo[4,3-d]pyrimidine derivatives by 50% ¢4E

The structures and their inhibitory activities fisted intable 1. The inhibitory activity 1G, values were converted
into the corresponding pig(log 1/1G) and used as dependent variables in the 3D-QSAR sas.

Calculation of molecular descriptors

Calculation of descriptors using Gaussian 03W

DFT (density functional theory) methods were usedhis study. These methods have become very popula
recent years because they can reach similar ppacisi other methods in less time and less cost fthen
computational point of view. In agreement with DIET results, energy of the fundamental state oflggbectronic
system can be expressed through the total electdmisity, and in fact, the use of electronic dgnisistead of
wave function for calculating the energy constisutbe fundamental base of DFT [20,21] using the B3L
functional [22] and a 6-31G(d) basis set. The B3|.dPversion of DFT method, uses Becke’s three-param
functional (B3) and includes a mixture of HF witHFD exchange terms associated with the gradienectau
correlation functional of Lee, Yang and Parr (LYPhe geometry of all species under investigatios determined
by optimizing all geometrical variables without asymmetry constraints.

The 3D structures of the molecules were generagedjuhe Gauss View 3.0, and then, all calculativase
performed using Gaussian 03W program series, Gegmptimization of twenty-six compounds was carried by
B3LYP method employing 6—31G (d) basis set.

Calculation of descriptors using ACD/ChemSketch

ChemSketch program (Demo version 10.0) [23] wasleyeg to calculate the others molecular descripteialar
Volume (MV (cnT)), Molecular Weight (MW), Molar Refractivity (MRc()), Parachor (Pc (cf)), Density (D
(g/cnt)), Refractive Index (n), Surface Tensigfdyne/cm) and Polarizabilitya((cnt)) [24].

« Molecular Weight (MW): Used as the descriptor in systems such as transfuolies where diffusion is the
mode of operation. It is an important variable IBAR studies pertaining to cross resistance of uararugs
in multi-drug resistant cell lines.

+ Molar Volume (MV): The molar volume calculates from additive incrersefihe additive atomic increments
were obtained using a database of density andlastcuM:

MV = M_
d
« Density(d): The density is calculates from M and the calculatedar volume:
M
d=—
MV
« Molar Refractivity (MR): The Lorentz-Lorenz equation relates Molecular weiglensity, and refractive
index:
2 _
n“+2 d

« Refractive Index (n): By the Lorentz-Lorenz equation:

n= [2MR + M
MV - MR
The refractive index calculates from the molar voluarel molar refractivity, both of which are calcuthtas

above.
« Surface Tension (y): Calculated from calculated MV and calculated Pc:
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= ()

« Parachor(Pc): The parachor is calculates from additive incrementfe additive atomic increments were
obtained using a database of density, surfaceaienand calculated MW:

M 1
Pc = | — 4
(d)y

« Polarizability(a): Calculates from the Molar Refractivity as follows:

a= 0,3964308 MR

Statistical analysis

Principal Components Analysis (PCA)

The molecules of 1-(2-ethoxyethyl)-1H-pyrazolo[4ipyrimidine derivatives (1 to 26) were studied sigtistical
methods based on the principal component analp€#\J [24] using the software XLSTAT 2009.

This is an essentially a descriptive statisticalthnd which aims to present, in graphic form, theximam
informations contained in the datble 1

PCA is a statistical technique useful for summagzll the informations encoded in the structufesompounds. It
is also very helpful for understanding the disttibn of the compounds.

Multiple Linear Regressions (MLR)

The multiple linear regression statistic techniguieised to study the relation between one dependgeigble and
several independent variables. It is a mathemeadicrtique that minimizes differences between actodlpredicted
values. The multiple linear regression model (MLR2] was generated using the software XLSTAT 20@9,
predict 1Go. It has served also to select the descriptors asdte input parameters for a back propagationarkt
(ANN).

Artificial neural networks (ANNS)
The ANNSs analysis was performed with the use oftidit software v 2008a Neural Fitting tool (nftotwlplbox on
a data set of 1-(2-ethoxyethyl)-1H-pyrazolo[4,3sgfimidine derivatives I activity [25].

A number of individual models of ANN were designiedilt up and trained. Generally the network wadtkfor
three layers; one input layer, one hidden layer@mel output layer were considered [26]. The inpyef consisted
of fifteen artificial neurons of linear activatidonction. The number of artificial neural in thedten layer was
adjusted experimentally. The hidden layer consistied0 artificial neural. One neuron formed thepuitlayer of
sigmoid function activation. The architecture of pplied ANN models is presentedHigure 2

e _LH—_‘"" = 1 __E_”"“"”" | o
- b

Figure 2: The ANNs architecture.

The data subjected to ANN analysis were randomiddd into three sets: a learning set, a validatenand a
testing set. Prior to that, the whole data setseated within the 0-1 range.

The set of 1-(2-ethoxyethyl)-1H-pyrazolo[4,3-d]pyidine derivatives of 1€ activity [27] were subjected to the
ANN analysis. First, fotthe learning set of compounds, i.e., 23 1-(2-etktixyl)-1H-pyrazolo[4,3-d]pyrimidine
derivatives weraised. ANN models were designed, built and traiffdek learning set of data is used in ANNs to
recognize the relationshigetween the input and output data. Then for thesie@vof the ANN model designed and
selected, the validation set fife compounds was used. Testing set with five coumgls wagrovided to be an
independent evaluation of the ANN mogi&rformance for the finally applied network. Inglstudy, we selected
the Sigmoid as a basis function [28]. The operatibtihe output layer is linear, which is given adov:
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yk(X)=_nZ;Wth(><)+hz )

Where y is the K" output layer unit for the input vector Xyvis the weight connection between thedutput unit
and the §' hidden layer unit and,kis the bias that allows a transfer function “n@me? given by the following
equation:

Bias=> (y-v)
(2)

where y is the measured value ahds the value predicted by the model.

The accuracy of the model was mainly evaluatedHey root mean square error (RMSE). Formula is giasn

follows:

1 n
RMSE= —.Z(pexp—pp,ed)2
N ©

where n = number of compounds,g= experimental value,,py = predicted value and summation is of overall
patterns in the analyzed data set [29,30]. Thetscwere run on a personal PC.

RESULTS

This study was carried for a series of 26 of 1it®ryethyl)-1H-pyrazolo[4,3-d]pyrimidine derivatisgin order to
determine a quantitative relationship between sirecand 1G, activity. Table 2 shows the values of the caladat
parameters obtained by DFT/B3LYP 6-31G* optimizatiand ACD/ChemSketch program of the studied
compounds.

Table 2: Values of the calculated parameters obtagd by DFT/B3LYP 6-31G* optimization and ACD/ChemSkéch program of the
studied compounds.

MR MV Pc Er Eromo Ewwmo  AE v Ea Amax

" D
n (dyne/ (g/

N PG MW ) o) (em) o G wa) e @) @) O ) (m 0

1 1,155 395,5 113,33 306,3 817,1 1661 50,6 1,29 5B347-5096 -1,09 4,006 248 2,214 560,1 0,0139
2 0,398 382,46 107,17 278,8 759,7 1,694 55 1,37 38055511 -1,58 3,935 2,53 3,499 3544 0,0024
3 1,155 396,49 111,77 2949 7983 1682 536 1,34188% -5,007 -1,07 3,934 353 2149 5768 0,0134
4 0,187 396,49 111,59 294 790,8 1,683 52,3 1,34 488195141 -1,24 3,903 3,86 3,072 403,6 0,0244
5 0,18 410,52 116,2 310,1 8294 1,672 51,1 1,32 -BE55,195 -1,22 3975 1,30 3472 357,1 0,0006
6 -0,146 396,49 111,59 294 790,8 1683 523 1,34 98®ml1-5189 -131 3,881 529 3561 3482 0,002
7 0,420 410,52 116,2 310,14 8294 1672 51,1 132 68&-5202 -1,32 3,881 538 3,065 4046 0,0216
8 -0,519 410,52 116,2 310,1 8294 1,672 51,1 1,32253% -5,182 -1,22 3,964 2,8 2,112 587,1 0,0156
9 -0,74 410,52 116,2 310,12 8294 1672 51,1 1,32 53& -5005 -0,98 4,028 2,34 3,253 3812 0,0694
10 -0,415 410,51 116,92 3153 836,2 1,663 494 1,3 2537 -5,004 -1,08 3,926 4,43 3,554 348,8 0,0021
11 0,051 42454 12152 331,3 8748 1,654 485 1,283282 -521 -1,25 3957 189 2,761 449,1 0,0083
12 -0,398 42454 120,62 3252 86055 1663 489 1303284 -5153 -1,21 3942 1,40 3,494 3548 0,0024
13 -0,079 42454 120,62 3252 8605 1663 489 1307328 -4,904 -0,96 3,939 4,73 3549 3493 0,006
14 0,119 42454 120,81 326,1 868 1,662 50,1 1,30 81324915 -1,09 3,825 4,01 3,406 364,0 0,0577
15 0,699 42454 119,91 320 853,6 1672 50,6 1,32 81325213 -1,25 3,964 241 3,384 3664 0,0611
16 0,143 438,57 125223 3413 899,1 1,654 48,1 1,283983% -5,059 -1,05 4,013 4,44 3221 3849 0,0236
17 1,060 452,6 130,56 362,5 9445 1,639 46 1,24 -39468,900 -0,99 391 4,79 2,633 470,8 0,0055
18 0,377 42454 120,62 3252 8605 1,663 489 1302538 -5,028 -1,09 3,94 5,6 3,737 331,8 0,0463
19 -0,362 410,52 115,06 302,1 816,8 1,686 53,3 1,3%2539 -5028 -1,09 3,94 5,6 3,452 359,2 0,0032
20 0,108 42454 119,67 318,2 8554 1,675 52,2 1333284 -5008 -1,09 3916 348 3,742 3314 0,0754
21 0,456 42454 119,91 320 853,6 1672 50,6 1,32 81325038 -1,07 3,97 4,77 3,326 372,8 0,0545
22 1,155 42454 119,67 318,2 8554 1,675 52,2 1333133 -4846 -1,00 3,843 4,08 3,754 330,3 0,062
23 -0,079 411,5 113,63 3058 8144 1665 50,3 1,347986 -5,112 -1,12 3,996 355 4,051 306,1 0,0659
24 1,155 439,55 123,21 334,7 8925 1657 50,5 1,31 9488 -5,092 -1,28 3,812 5,27 3,448 359,6 0,0635
25 1,097 452,55 125,13 3315 899,7 1,679 54,2 1364140 -4859 -0,92 3939 585 1932 641,7 0,0078
26 1,398 453,54 124,07 332 898,2 1,67 535 1,36 -40956,079 -1,12 3956 543 3,319 3736 0,0197

The set of fifteen descriptors encoding the 26 dR-ethoxyethyl)-1H-pyrazolo[4,3-d]pyrimidine comjads,
electronic, energetic and topologic parametersabenitted to PCA analysis [30]. The first threenpipal axes are
sufficient to describe the information providedthg data matrix. Indeed, the percentages of vagziane 43.73%;
15.80% and 14.55% for the axes F1, F2 and F3, césply. The total information is estimated to aqentage of
84.08%. The principal component analysis (PCA) [8Hs conducted to identify the link between thdedént
variables. Bold values are different from 0 at gniicance level of p= 0.05. Correlations betwebn fifteen
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descriptors are shown iable 3as a correlation matrix and figure 3 these descriptors are represented in a
correlation circle.

The Pearson correlation coefficients are summarirethe following table 3 The obtained matrix provides
information on the negative or positive correlatimtween variables.

Table 3: Correlation matrix (Pearson (n)) between iferent obtained descriptors

plec MW MR MV Pc n Y D Er Ehomo ELumo AE U E, Mmax f(SO)
plec 1
MW 0,367 1
MR 0,301 0,962 1
MV 0,270 0,917 0,984 1
Pc 0,344 0,962 0,995 0,987 1
n -0,096 -0,577 -0,720 -0,831 -0,746 1
Y 0,197 -0,360 -0,555 -0,674 -0,547 0,905 1
D 0,059 -0,317 -0,547 -0,668 -0,551 0,898 0,942 1
Er -0,374 -0,974 -0,897 -0,843 -0,904 0,496 0,246 0,194 1
Enomo 0,192 0,546 0,563 0,532 0,556 -0,342 -0,235 -0,271 -0,540 1
ELumo 0,088 0,504 0,523 0,503 0,515 -0,355 -0,273 -0,284 -0,501 0,928 1
AE -0,27v3 -0,110 -0,104 -0,077 -0,107 -0,036 -0,098 -0,035 0,101 -0,189 0,191 1
1) 0,292 0,392 0,306 0,245 0,298 0,007 0,097 0,134 -0,397 0,452 0,300 -0,400 1
Ea -0,311 -0,047 -0,085 -0,084 -0,115 0,047 -0,103 0,104 0,082 -0,092 -0,161 -0,180 0,053 1
Mmax 0,317 0,046 0,061 0,051 0,091 0,001 0,161 -0,029 -0,087 0,134 0,204 0,184 -0,031 -0,984 1
f(so) 0,070 0,169 0,126 0,110 0,125 -0,068 -0,026 0,045 -0,151 0,241 0,190 -0,132 0,021 0,400 -0,365 1
Variables (axes F1 et F2 : 59,53 %)
1
0,75
D
0,5 h
= 0,25
E
~ My
Y aE [l f(so)
05
Ea
0,75
Rl
-1 -0,75 05 -0.25 0 0,25 0,5 0,75 1
F1(43,73 %)
Figure 3: Correlation circle
QObservations (axes F1 et F2 ; 59,53 %)
4
=
g
4
z 4 2 0 z 4 & z
F1(43,73 %)
Figure 4: Cartesian diagram according to F1-F2
145

Available online at www.scholarsresearchlibrary.com



T. Lakhlifi etal J. Comput. Methods Mol. Des., 2014, 4 (4):140-149

Correlation circle

The principal component analysis (PCA) was alsdfopered to detect the connection between the differe
variables. The principal component analysis rewkdle correlation circle (Figure 4) shows that ik axis
(43.73% of the variance) appears to represent thlarMRefractivity MR), and the F2 axis (15.80% of the variance)
seems to represent the absorption maxiniuym .

Multiple linear regressions (MLR)

To establish quantitative relationships betweeiviggtinhibitor plCsy and selected descriptors, our array data were
subjected to a multiple linear and nonlinear regjes Only variables whose coefficients are sigaifit were
retained.

Multiple linear regression of the variable plCso (MLR)

Many attempts have been made to develop a relaipngth the indicator variable of activity inhibit pIGso, but
the best relationship obtained by this method iy @ame corresponding to the linear combination efesal
descriptors: the molecular weigh1{V), the parachorRc) the refractive indexn(, the surface tensiory)( the
density D) and the total energ¥g).

The resulting equation is:
pIC5=323,24+0,5X MW —0,22x Pc-123,87X n+1,76X y-154,35< D+7,93x 10%X E1 (4)

Observed(plCs,)

Predicted(plCso)

Figure 5: Graphical representation of calculated ad observed plGo by MLR

For our 26 compounds, the correlation between éxertal and calculated pigbne based on this model are quite
significant Figure 9 as indicated by statistical values:

N=26 R=0.811 %+R=0.658 RMSE = 0.169
The figure 5 shows a very regular distribution 243 values depending on the experimental values.

Multiple nonlinear regression of the variable plGy (MNLR)

We have used also the technique of nonlinear rsigresnodel to improve the predicteds§@ a quantitative way.
It takes into account several parameters. Thiegsniost common tool for the study of multidimensiodata. We
have applied it to table 2 containing 26 molecalssociated with fifteen variables.

The resulting equation is:

PIC5=3501,25-6, 5% MW +14,23X MR +0,31x MV —0,97% Pc-5638,91¢ n-0,35% y+2889,1 ¢ D-3,77% 10
XE—
188,88 Eyiomo +689,65% ELyvo—1,58% P—3,82X E;—2,31X 10%2X A 1a+20,10% f(SO}+8,31% 102X MW 2~
4,4% 10X MR?+1,94%X 10X MV 2-2,10x 10%X P?+1462,2% n*+6,43x 10%2X y*~1141,4% D*-
5,08 10°" X E1%+57,75% Ejomo —37,32% ELumo *—98,10¢ AE?+0,26% 1 (5)

The obtained parameters describing the topologictiag electronic aspects of the studied molecukes a
N=26 R=0.999 R 0.999

The plGy value predicted by this model is somewhat simiathiat observed. The figure 6 shows a very regular
distribution of IG, values based on the observed values.
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With MLNR was obtained significantly better corrida coefficient R = 0, 999. Figure 6 shows a vanjform
distribution of the 1G, observed values depending on the experimentalesadund the correlation between the
experimental results and calculated alter themyplThe residual values tended to zero which is wieydid not
graph for prediction residuals.

Observed (pICsp)

=)
2
',
=)
o
i

Predicted(plCs;)

Figure 6: Graphical representation of calculated and observe@ICso.

Artificial Neural Networks ANN

In order to increase the probability of good chararzation of studied compounds, neural networks!i can be
used to generate predictive models of quantitadtreicture—activity relationships (QSAR) between ea of
molecular descriptors obtained from the MLR andeobsd activity. The ANN calculated pd¢model was
developed using the properties of several studiechpounds. The correlation between ANN calculated an
experimental pl§ values are very significant as illustratedigure 7and as indicated by R and ®alues.

N=26 R=0928 %®R0.861 RMSE = 0.658

These values show that the relationship betweendtimated values of pigand their residues established by
artificial neural networks are illustrated in figur.

-
e . e

r ’4'

—_— 1 2

o

n
8] N .
= T
3

Ll B

% A b

@ 14
2
o ns e 0l 15

-1
Predicted(pICs,)

Figure 7: Graphical representation of calculated ad observed 1Gy (pICsg)
DISCUSSION

Principal component analysis
* The Molecular WeighMW is well correlated with the Molar RefractiviR (r= 0.962 and p <0.05) and with

the ParachoPc (r=0.962 and p<0.05), and is negatively correlatéti the Total Energ¥+(r=-0,974 and p <0.05)
at a significant level.

* The Molar refractivityMR is strongly correlated with the Parach®e (r =0.995 and p < 0.05) and the molar
volumeMV (r=0.984 and p <0.05) at a high level.
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* The Energy of activatioft, is negatively correlated with the maximum of ab&ormpi .« (r=-0.984 and p <0.05)
at a significant level.

* The DensityD is positively correlated with the surface tensjdn=0.942 and p< 0.001) at a significant level.
Analysis of projections according to the planes F2-and F1-F3 (59.53% and 58.28% of the total vagan
respectively) of the studied moleculésgure4) shows that the molecules are dispersed, accotditige structure
of the R groups of pyrazolo[4,3-d] pyrimidines two classes of compounds belonging to two grogpsup 1, the
substitution of electron withdrawing groups in mohring and sterically less bulkier groups couigegmore
potential inhibition (positive contribution, pi1.06) andgroup 2, the compound without the substitution of
electron withdrawing groups on the aromatic yielsls| potent phosphodiesterase V inhibitors andsuhstitution at
the R should be small, the increase in chain lengthiccdacrease the activity( low activity pi1,06).

Statistical Analysis

The obtained Atrtificial Neural Networks ANN and Miple Nonlinear Regression MNR correlation coe#fiti R
values are respectively 0.928 and 0.999 for thim da&t of 1-(2-ethoxyethyl)-1H-pyrazolo [4,3-d] pwidine
derivatives. They confirm that the Artificial Nelrbletworks ANN or Multiple Nonlinear Regression (MR)
results were the best to build the quantitativecstire activity relationship models.

In this part, we investigated the best linear QSAgression equations established in this studyedas this result,

a comparison of the quality of the CPA, MLR, MNLRAAANN models shows that the ANN and MNLR models
have substantially better predictive capabilitydee the ANN and MNLR approach give better resblis MLR.
ANN and MNLR were able to establish a satisfactefgtionship between the molecular descriptorsthadctivity

of the studied compounds.

We have investigated the QSAR regression to pratitinhibitory activities (Inhibition ConcentratiodCsg) of
several organic compounds based on 1-(2-ethoxyeitidpyrazolo[4,3-d]pyrimidines. Comparison of key
statistical terms like R or %f different models obtained by using differerttistical tools and different descriptors
has been shown able 5

Table 5: Observed values and calculated values of@s, according to different methods.

N° Obs (pICsp) Pred (plICsq)
MLR MNLR ANN
1 1,155 1,290 1,155 1,155
2 0,398 0,138 0,398 0,381
3 1,155 0,673 1,155 1,173
4 0,187 -0,058 0,187 0,025
5 0,180 0,013 0,180 -0,195
6 -0,146 -0,058 -0,146 0,016
7 0,420 0,006 0,420 -0,200
8 -0,519 0,013 -0,519 -0,195
9 -0,740 0,013 -0,740 -0,195
10 -0,415 -0,322 -0,415 -0,479
11 0,051 0,027 0,051 0,055
12 -0,398 -0,243 -0,398 -0,086
13 -0,079 -0,242 -0,079 -0,086
14 0,119 0,306 0,119 0,264
15 0,699 0,112 0,699 0,180
16 0,143 0,280 0,143 0,497
17 1,060 0,805 1,060 0,949
18 0,377 0,606 0,377 0,458
19 -0,362 0,372 -0,362 0,099
20 0,108 0,613 0,108 0,489
21 0,456 0,112 0,456 0,180
22 1,155 0,628 1,155 0,497
23 -0,079 -0,151 -0,079 -0,070
24 1,155 1,078 1,155 1,019
25 1,097 1,132 1,097 1,227
26 1,398 1,433 1,398 1,418
CONCLUSION

In this work, the study of the quality of the CPMILR, MNLR and ANN models shows that the ANN and MRIL
result have substantially better predictive cajtgbihan the other methods. With ANN approach, waveh
established a relationship between several deecsifgnd the inhibition values (pJ§ of 1-(2-ethoxyethyl)-1H-
pyrazolo[4,3-d]pyrimidine as phosphodiesterase hhitors in satisfactory manners.
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Finally, we can conclude that one studied desasptavhich are sufficiently rich in chemical, elawiic and
topological information to encode the structuratiee may be used with other descriptors for theeld@ment of
predictive QSAR models.
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