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Abstract—A QSAR methodology that involves multilinear (Hansch-type) and nonlinear (ANN backpropagation) approaches was
developed to correlate the antiplatelet activity of 60 benzoxazinone derivatives against factor Xa. The statistical characteristics pro-
vided by multilinear model (R“ = 0.821) indicated satisfactory stability and predictive ability, while the ANN predictive ability is
somewhat superior (R* = 0.909). The multilinear model provided insight into the main factors that modulate the inhibitory activity

of the investigated compounds.
© 2006 Elsevier Ltd. All rights reserved.

1. Introduction

Platelets play a central role in normal hemostasis and
are key participants in pathologic thrombosis due to
their capacity to adhere to injured blood vessels and to
accumulate at the place of injury.!> Major stimuli able
to induce platelet activation including shape change
(into spiny spheres), secretion and aggregation include:
collagen, thrombin, and adenosine diphosphate
(ADP). These items can bind to fibrinogen, aggregate,
and release the contents of their intracellular granules
including ADP and serotonin; ADP and arachidonic
acid (AA) metabolite act as endogenous platelet activa-
tors for thromboxane A, (Tx A»), intensify the extent of
platelet aggregation, and provide positive feedback.*
Platelet adhesion and activation is a normal physiologi-
cal response to the accidental rupture of blood vessels,
but the uncontrolled such activity may cause thrombo-
embolic artery occlusion, acute coronary syndrome,
and ischemic stroke.

The process of platelet adhesion to extracellular matrix
consists in binding to various glycoprotein (GP) recep-
tors mediated by von Willebrand factor (vWf) and
collagen.’
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Factor Xa is a trypsin-like serine protease situated at
the convergence of the surface-activated intrinsic and fac-
tor-activated extrinsic coagulation pathways. The pro-
thrombinase complex is formed by factor Xa on the
phospholipid surface with factor Va and calcium; it cata-
lyzes the proteolysis of prothrombin to thrombin (factor
ITa). Thrombin is the main, final enzyme in the phospho-
lipid coagulation system that leads to fibrin formation. It
provides positive and negative feedback regulatory signal
in the normal hemostasis, while in pathological condi-
tions factor Xa provides catalytic activation of thrombin.
Thus, the inhibition factor Xa affects the coagulation but
not the platelet function. Therefore, the inhibition factor
Xa may provide a novel, effective antithrombotic drug
that provides no risk of bleeding. Recently, the inhibition
factor Xa has been intensely investigated in order to re-
place the existing therapies in the treatment or prevention
of thromboembolic disorders.”-8

A number of synthetic organic compounds have been eval-
uated as platelet inhibitors including phenyl quinolones
derivatives,”'  benzo[dJisothiazol-3-one  derivatives,'!
oxime- and methyloxime-containing flavone and isoflav-
one derivatives,'? linoleic acid isomers,'* 5H[1]benzopyr-
ano[4,3-d|pyrimidin-5-amine  derivatives,'*  polycyclic
pyrimidine derivatives,'> and chalcone derivatives.'¢

Due to the significant limitations of existing antiplatelet
drugs, the search for new antiplatelet aggregation agents
is of great interest.
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There are several QSAR studies on platelet inhibi-
tion, mainly 3D QSAR and neural network ap-
proach, that used a reduced number of datapoints,
but a general model for the platelet inhibition is still
missing.%7-17-19

Dudley et al. developed a complex methodology to
design novel benzoxazinone derivatives that involved
SAR and molecular modeling software (GASP)
against FXa. To select the substituents, they used
Topliss tree approach that accounts for electronic,
steric, and lipophilic fields. The novel benzoxazinon-
es were designed, synthesized, and then undergo bio-
logical assay that confirmed the higher inhibitory
potential of the new molecules from 27 uM to
0.0030 uM.¢

3D QSAR approach (using Gold) performed on several
benzoxazinone derivatives confirmed the previously
published X-ray structure binding mode in the follow-
ing manner: the benzamidine moiety interacts with Asp
189 and amidine moiety is retained in the binding
pocket by m-cation interaction with Tyr 99, Phe 174,
and Trp 2157

A comparative molecular field analysis (CoMFA)
model was developed by G. Roma et al. for a series
of 2-amino-4 H-pyrido[1,2a]pyrimidin-4-ones divided
into training set consisting of 73 molecules and predic-
tion set of 10 molecules which relates their biological
activities to their steric and electrostatic fields. The
resulted models involved six components and displayed
good statistics and predictive ability for the training set
q =0.682, R*>=0.874, s =0.242, while for the full set
the results were similar ¢ = 0.662, R*=0.866,
5 =0.245."7

Artificial neural network backpropagation methodolo-
gy (1-3-1 configuration) was employed to correlate
the biological activities of a small set of 21 2-substitut-
ed phenyl and benzimidazolyl-5-methyl-4-(3-pyr-
idyl)imidazole derivatives that supplied a QSAR
model with good statistical characteristics (R? = 0.860,
5=0.183).18

In 1994, Tanaka evaluated the antiplatelet activities of
2-substituted phenyl and benzimidazolyl-5-methyl-4-(3-
pyridyl)imidazoles using a classical Hansch 2D ap-
proach by means of one descriptor that accounts for
hydrophobicity, micelle-water partition coefficient
(log Pry), which provided good results (R*=0.772,
5§=0257, F=11.07, n=18)."

Recently, our group was also involved in the investiga-
tion of the inhibition of the PDGF receptor.2’ Two good
QSAR models were developed based on multilinear and
nonlinear (ANN) techniques.

The current paper summarizes our attempt to build lin-
ear and nonlinear QSAR models based on a large data-
set of benzoxazinone derivative inhibitors factor Xa
using CODESSA PRO software and Artificial Neural
Network backpropagation algorithm.

2. Data set

The present study comprises 60 experimental ICs, values
for platelet inhibition against factor Xa, determined in
the following references.>’® The substitution patterns
of platelet activating inhibitors are given in Table 1.
The data points were converted into molar logICs
value units which were used instead of ICss to improve
the normal distribution of the experimental data points.

All the data are collected in Table 1 which include the
following: (i) the substitutional pattern of benzoxazi-
nones (second, third, and fourth columns), (ii) the
pICsq values taken from the original references and con-
verted to logarithm of molar units (fifth column), (iii)
the predicted logICs, values obtained from multilinear
model (sixth column) and from nonlinear model
(ANN backpropagation) (seventh column).

3. Results and discussions
3.1. Multilinear models

In the current study, a QSAR model is presented for
loglCsy, of 60 benzoxazinone antiplatelet agents
involving theoretical descriptors, which have been
calculated from molecular structure.

The distribution of experimental data, the logarithm of
inhibitory activity (ICsg) for the Full Set of 60 benzoxaz-
inone derivatives is shown in Figure 1.

The BMLR algorithm?! was used in order to avoid over-
correlation of the regression equations by monitoring
the increase of R” in the equations with successive num-
ber of descriptors involved. The procedure is called the
‘break point’ technique as illustrated in Figure 2 that
shows the breakpoint (the change in the slope) in the
plot of R? versus number of descriptors added. The pro-
cedure was stopped when the difference between R” of
the two consequent regression equations was less than
or equal to 0.02.

The results presented herein are obtained by applying
BMLR algorithm to the structures and experimental
logICsy. The statistical characteristics and the descrip-
tors involved in the multilinear regression equation are
listed in Table 2. A graphical presentation of the
relationship between the experimental and predicted
logICsy values is shown in Figure 3.

The types of molecular descriptors involved in the
current QSAR models are of molecular orbital (D3, Ds)
and quantum chemical (D, D, D,) origin.

The statistical significance of the selected descriptors in
the QSAR model of Table 2 was assessed by application
of the -test criterion that gives the following order of
importance: Dy > D3> D, > D5 > Dy,

The maximum electron-nuclear attraction for atom N
(D) is given by the following formula:
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Table 1. The substitutional pattern of benzoxazinones, experimental and predicted logICs, values

Compound Substitutional Experimental® Predicted logICsg
pattern logICso Multilinear Nonlinear
model ANN model
(o]
R1
o
Ty
N
R2
4H-3,1-Benzoxazin-4-ones
1 H 2-F —3.860 —4.200 —4.303
2 6-CF; 2-F —4.432 —3.966 —4.338°
3 5-CL8Cl 2-F —3.745 —4.770 —4.547
4 5-COOMe 2-F —3.860 —4.638 —4.556
5 5-NO, 2-F —4.585 —4.653 —4.501
6 5-Cl 2-F,6-F -5.310 —5.001 —4.774
7 5-NO, 2-F,6-F -5.201 —4.665 —4.549
8 5-C1,8-Cl 2-F,6-F —5.201 —4.893 —5.022°
9 6-Me 2-F,6-F —4.658 —4.395 —4.385
10 6-CF; 2-F,6-F —4.796 —3.935 —5.028°
11 7-NO, 2-F,6-F —3.951 —-3.711 —4.876°
12 5-F 2-F,6-F —5.222 —4.764 —4.297
13 6-NO, 2-F,6-F —4.721 —4.358 —4.460
14 7-CF; 2-F,6-F —3.760 —3.575 —4.244°
15 6-OMe 2-F,6-F —3.813 —4.097 —4.307
16 6-NHAc 2-F,6-F —4.456 —3.740 —4.015
17 6-NH, 2-F,6-F —3.813 —4.491 —4.215
18 5-COOMe 2-F,6-F —-3.951 —4.609 —4.246
19 5-Me 2-F,6-F —4.051 —4.586 —4.451
20 8-CF; 2-F,6-F —4.097 —4.135 —4.321
21 6-Me 2-F,6-F —5.000 —4.470 —4.589°
22 5-F 2-F,6-F —5.222 —4.846 —4.589
23 6-Me 2-F,6-F -3.959 —4.467 —4.385
24 6-1 2-Cl —4.824 —4.584 —4.407
25 6-Me 2-Cl1,6-C1 —4.201 —4.503 —4.416
26 5-NO, 2-OMe —5.237 —5.015 —4.537
27 H 2-OMe,5-Cl —4.523 —4.903 —4.675°
28 5-NO, 2-OCOMe —4.585 —4.997 —4.661
29 6-NO, 2-OCOMe —4.310 —4.716 —4.569
30 6-Cl 2-Br —5.222 —4.110 —4.872°
(0]
R1
o
N/)\RS
4H-3,1-Benzoxazin-4-ones
R1 R3
31 5-NO, 2-Cl-3-pyridyl —4.009 —3.932 —4.493°
32 6-NO, 2-Cl-3-pyridyl —3.854 —4.021 —4.622°
X
CL X
'Tl [¢]
Y
z
3,4 dihydro-2H-1,4-benzoxazin-3-one
X Y V4
33 H (CH»)s cis-2,6-DiMe-piperidinyl —4.569 —4.780 —4.675
34 3,4-Cl (CH,)s cis-2,6-DiMe-piperidinyl —4.585 —4.510 —4.575°
35 4-Cl (CH,)s cis-2,6-DiMe-piperidinyl —4.638 —4.625 —4.600°
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Table 1 (continued)
Compound Substitutional Experimental® Predicted logICsg
pattern logICso Multilinear Nonlinear
model ANN model
36 2-Cl (CH»)s cis-2,6-DiMe-piperidinyl —4.796 —5.222 —4.295
37 4-CH3 (CH»)s cis-2,6-DiMe-piperidinyl —4.553 —4.749 —4.649
38 4-OCH3 (CH»)s cis-2,6-DiMe-piperidinyl —5.310 —4.623 —4.589
39 4-C(=S)NH, (CH»)s cis-2,6-DiMe-piperidinyl —4.469 —5.391 —4.987
40 4-C(=NH)NHOH (CH»)s cis-2,6-DiMe-piperidinyl —4.181 —5.156 —4.788°
41 4-C(=NH)NH, (CH»)s cis-2,6-DiMe-piperidinyl —5.102 —6.733 —6.984
42 3-C(=S)NH, (CH»)s cis-2,6-DiMe-piperidinyl —5.770 —5.474 —5.287
43 3-C(=NH)NHOH (CHy)s cis-2,6-DiMe-piperidinyl —5.252 —5.302 —4.856°
44 3-C(=NH)NH, (CH»)s cis-2,6-DiMe-piperidinyl —8.523 —6.807 —7.242
45 3-CH,-NH, (CHy)s cis-2,6-DiMe-piperidinyl —6.076 —6.247 —-5.975
46 3-C(=NH)NHCH3 (CH»)s cis-2,6-DiMe-piperidinyl —5.553 —5.640 —5.164°
47 3-C(=NH)NHmorpholinyl (CH»)s cis-2,6-DiMe-piperidinyl —5.824 —5.901 —5.267°
48 3-C(=NH)NH, (CHy)s cis-2,6-DiMe-piperidinyl —7.168 —6.860 —7.370
49 3-C(=NH)NH, (CHy), cis-2,6-DiMe-piperidinyl —7.921 —6.709 —6.942
50 3-C(=NH)NH, (CH»)s cis-2,6-DiMe-pyrrolidinyl -7.319 —6.704 —6.935
51 3-C(=NH)NH, (CH»)s Piperidinyl —7.276 —6.814 —7.048
52 3-C(=NH)NH, (CH»)s morpholinyl —6.620 —6.476 —6.085
53 3-C(=NH)NH, (CH»)s NH, —5.201 —6.099 —5.004
54 3-C(=NH)NH, (CH,)s Diisopropylamino —6.921 —6.776 —7.266°
55 3-C(=NH)NH, (CHy)s Dihexylamino —5.796 —6.567 —6.347
RO S|
HSCTKO/ N"So
P1 NH \\P1
NH 1,6-substituted-1,4 dihydro-2H-1,4-benzoxazin-3-one
56 NHZ -8.222 -8.351 ~8.607°
Ve NH
57 N NH, —8.699 —8.213 —8.616*
N
Et NH
58 N NH, —8.699 —8.272 —8.383
\
NH
59 —8.398 —8.532 —8.417
O NH,
O-N NH
60 —7.284 —7.868 —~7.667°

#Taken from references as follows: compounds 1-32 from Ref. 8, compounds 33-55 from Ref. 6, and compounds 56-60 from Ref. 7.

® Validation set.

Ere

=3 52
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(1)

atom.??

can be related to the atomic reactivity of the nitrogen

where A is the given atomic species; P, are the density
matrix elements over atomic basis {uv}; Zg are the
charges of the atomic nuclei, B; Rjp is the distance be-
tween the electron 1 and atomic nucleus B; and

Ve

Zig
atomic basis {uv}. The first summation is performed
over all atomic nuclei in the molecule (B), while the sec-
ond summation is carried out over all atomic orbital at
the given atom (A). This energy describes the strength of
the nuclear—clectron attraction at a particular atom and

v> is the electron—nuclear attraction integral on

The minimum exchange energy for bond C-O (D)
descriptor accounts for the sum of the electronic repul-
sion energy, electron—nuclear attraction energy, and
nuclear repulsion energy between C and O atoms (Eq.
2).22 In the equation of Table 2 descriptor D, has a small
positive influence. The additive energy between two
atoms can be expressed as:

E(AB) = Eee (AB) + Ene (AB) + Enn (AB) (2)

where E..(AB) is the electronic repulsion energy between
two atoms, E,.(AB) is the electron—nuclear attraction
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LogIC 5o = 60*0.5*normal(x, -5.2857, 1.4032)
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Figure 1. The distribution of the experimental log ICs, values.
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Figure 2. The plot of correlation coefficient R* versus the number of
descriptors.

energy between two atoms, and E,,(AB) is the nuclear
repulsion energy between two atoms. The presence of
these descriptors indicates the importance of the C-O
bond reactivity in determining the antiplatelet activity
of compounds.
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Figure 3. Graphical plot of experimental versus predicted logICs,
according to the model in Table 2.

Frontier orbital energies are parameters that can charac-
terize the susceptibility of the molecule toward the at-
tack of electrophilic or nucleophilic reagents. The
HOMO - 1 energy (Eq. 3) can be related to the reactiv-
ity of a compound as a nucleophile or a radical.??

EHOMO*I = <¢HOMO—1|F|¢HOMO—1> (3)

The average nucleophilic reactivity index for atom N
(Dy4) is directly related to the HOMO energy and to
the coefficient of the N atom in the HOMO by the
relationship:?

Na = como/ (1 = enomo) 4)
icA
The presence of this descriptor in the current multilinear
QSAR model provides information about the possibility
of hydrogen bonding formation that involves the nitro-
gen atom of benzoxazinone derivatives.

The min (>0.1) bond order for atom H descriptor Ds.
Mulliken bond orders can be calculated as the sum over
the occupied molecular orbitals using occupation num-
bers (n;) of the molecular orbitals and the atomic contri-
butions (¢;,, ¢;y) in the molecular orbital. >

Table 2. The molecular descriptors and statistical characteristics for the best QSAR model

Descriptor Symbol b Ab® I R* R2° Ff 5%
0.821 0.773 49.55 0.621
Intercept 58.695 22.816 2.572
Max e-n attraction for atom N D, -0.229 0.036 —6.370
Min exchange energy for bond C-O D, 7.297 1.629 4.480
HOMO — 1 energy D; —1.136 0.246 —4.613
Avg nucleoph. react. index for atom N D, 103.079 29.614 3.481
Min (>0.1) bond order for atom H Ds —43.093 10.971 —3.928

#b are the regression coefficients of the multilinear model.

® Ab are the standard errors for these regression coefficients.
©t represents the 7-values for each selected descriptor.

9 R? is the correlation coefficient.

°R2, is the cross-validated correlation coefficient.

P Fis Fisher criterion.

& represents the squared standard deviations of the model.
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Ppg = Z Z Zniciucjv (5)

i=1 pcA veB

In our case the minimum value of the bond order
for hydrogen atom accounts for its acidic character,
and for its ability to act as an hydrogen bonding
donor, for example, with an oxygen atom of the
biological receptor factor Xa (trypsin-like serine
protease).

The descriptors D,, Dy, and D5 suggest the importance
of the N atom and CO group for the interaction between
inhibitor and biological receptor.

For this model (Table 2), we registered two outliers: en-
tries 41 and 44 from Table 1; they display the largest dif-
ference between experimental and predicted logICs
values. Compound 44 presents the lowest value of lo-
g1Csp and is the most active compound in the whole ser-
ies of benzoxazinone inhibitors. Therefore, it is a
potential candidate for a parenteral antithrombotic.®

3.2. The model validation

3.2.1. Leave-one-out validation. The first technique ap-
plied for the validation of the proposed models was
based on leave-one-out algorithm. The corresponding
squared cross-validated correlation coefficient (RZ%) for
all selected models, which is calculated automatically
by the validation module implemented in CODESSA
PRO package. The cross-validated correlation coeffi-
cient R2, = 0.774 is pretty close to the correlation coeffi-
cient R = 0.821(AR> = R> — R*, = 0.047) that suggests
a good predictive ability of the best multilinear model.
The results obtained by us were compared with those
reported by Roma et al. for several data sets (73-94
compounds) that consist mainly in 2-amino-4H-pyri-
do[1,2a]pyrimidin-4-one derivatives (CoMFA-PLS).
The difference between correlation coefficient and
cross-validated correlation coefficient for these datasets
is between 0.158 and 0.204. It can be easily observed
that our multilinear regression equation is better in
terms of stability and predictive ability with a lower dif-
ference R*> — Rgv.

3.2.2. Internal validation. As mentioned in Section 5, our
internal validation predicts the property values for each
one-third of the compounds with the model fitted for the
remaining two-thirds of the compounds. The general
algorithm of the internal validation includes the follow-
ing steps:

(1) division of the data set to be analyzed into three sets:
CA (the 1st, 4th, 7th, etc., entries), CB (the 2nd, 5th,
8th, etc., entries) and CC (the 3rd, 6th, 9th, etc.,
entries);

(i1) in each of three combinations, two of the sets are
combined into one and the correlation equation with
the same descriptors, as in the QSAR model to be
validated, is derived;

(iii) the equation developed in the step (ii) is used to pre-
dict the property values for the remaining set;

(iv) a comparison of the average of squared correlation
coefficients for the fitted and predicted sets is made
at the end.

The results of the internal validation applied to our data
are listed in Table 3. As can be seen from Table 3 the
average R” of the both sets (fit and predict) are relatively
close showing satisfactory prediction.

3.3. Neural network models

In addition to the standard multilinear QSAR approach,
an artificial neural network (ANN) methodology was
also applied. The used method implements the feed-for-
ward backpropagation algorithm as one of the most
complex and powerful realizations of the ANN.

Since CODESSA PRO software is able to calculate hun-
dreds of descriptors for a given compound, the selection
of a good combination of descriptors is needed. A sensi-
tivity analysis was performed over the most important
descriptors. This was done by building the 1-1-1 NN
models and the first 5 descriptors that showed lowest er-
ror at the output were selected. There was no surprise
that the same descriptors as in the case of multilinear
QSAR approach appeared as the most important for
the observed biological effect. That was a favorable sit-
uation that could give us the possibility to compare
the results obtained by means of both methods.

Before starting the actual calculation for the model, we
divided the data set into training (40 compounds) and
validation (20 compounds) sets. The following steps
were performed in order to cover the same ranges of
activities and the same distributions for the training
and test datasets. The main idea at this stage was to keep
closer to the QSAR rule that a sample should be repre-
sentative of the general population (i.e., to follow the
same distribution law).

1. All compounds were ordered in ascending order of
their logICsq values.

2. Every 3rd compound was selected to become a part of
the test set.

3. All the remaining compounds formed the training set.

As can be seen from Figures 4 and 5, the above given
procedure ensures that the training and test datasets
have similar data distribution.

Several different architectures of ANN models were
built. In the search for optimal ANN architecture we
tried to use the lowest possible number of neurons to
follow the common principle of generality of the ANN
prediction.?® The optimal architecture of the selected

Table 3. Internal validation of the models—statistical characteristics

Set to fit  RZ, 2, Set to predict Rl Shg

A+B 0.817 0.431 C 0.806 0.401
A+C 0.832 0.339 B 0.790 0.569
B+C 0.837 0.396 A 0.724 0.521
Average 0.829 0.389 0.773 0.497
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LoglCsq = 40*0.5*normal(x, -5.281, 1.4078)
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Figure 4. The distribution of the experimental data points for the
training set.
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Figure 5. The distribution of the experimental data points for the
validation set.

NN model was 5-15-1, which means that the model had
five input neurons in the input layer (the selected
descriptors), 15 hidden neurons in the hidden layer,
and one neuron in the output layer representing the
logICsq values of the studied compounds.

During the training stage the weights were adjusted
according to the output prediction error (see Eq. 10).
The validation set error (and also the coefficient of
determination—R?) was monitored in order to avoid
the over-training of the ANN and to stop the training
process.

After the training procedure was successfully completed,
the generated ANN rules (optimized weights) were ap-
plied to the test set in order to evaluate the quality of
the model. The squares of the coefficients of determina-
tion (corresponding to R? in the case of MLR modeling)
for the training and test datasets were 0.825 and 0.909,
respectively. The corresponding root-mean-squared
(RMS) errors were 0.360 and 0.211. The predicted logICs,
values for the training set are given in Table 1. The

graphical presentation of the linear fit between the
experimental and predicted values is given in Figure 6.

The comparison of the results by different treatments
reveals that there is no significant improvement of
the provided statistical parameters for the ANN train-
ing set over the BMLR results for the whole dataset
(0.825 vs 0.821). However, when the ANN results for
training set were compared with the multilinear model
obtained for the same descriptors and the same set, it
was found that the MLR model has lower quality
(R*=0.796). The ANN prediction of the data for the
validation set (that was not used to train the ANN
model) displayed also significantly better statistics
(R*=0.909) (see Fig. 7). This indicated that the predic-
tive power of the ANN is superior over the multilinear
model.

The ability of the ANN model, to predict correctly the
logICsy values, was further analyzed as follows. The

2
g R’ =0.825

Predicted -log IC50
o

3 T T T T T |
3 4 5 6 7 8 9
Experimental -log IC50

Figure 6. Scatter plot of experimental versus predicted —logICs, for
the training set according to the ANN model.

Predicted -log IC50

3 T T T T T 1
3 4 5 6 7 8 9
Experimental -log IC50

Figure 7. Scatter plot of experimental versus predicted —logICs, for
the validation set.
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experimental and predicted ranges of values were sepa-
rated into 5 subintervals (formally 5 classes—low, mod-
erate, middle, good, and high activity). The confusion
matrices based on this classification, which represent
visually the ability of the ANN to predict exactly a cer-
tain class of antiplatelet activity (calculated as N/N;
where the N the number of antiplatelet agents in a cer-
tain class and N, is the number of the successive 100%
predictions), are given in Figure 8.

The confusion matrix in Figure 8 shows that for the
training set the compounds with lower or higher activity
are predicted with the same accuracy. However, there
are several compounds belonging to both categories that
are not well predicted. In the case of the most active
compounds we had a less number of accurately predict-
ed compounds since their number is smaller than the
compounds with lower activity.

Figure 7 shows the linear fit between the experimental
and predicted logICsy values for the validation set.
The ANN model showed better predictive ability over
the multilinear QSAR models regarding the training
set and significantly improved quality for the predicted
values of biological activity of compounds (Fig. 9).

In this case, the confusion matrix of Figure 9 indicated
that the compounds with higher biological activity are
better predicted with respect to those that display lower
biological activity. Therefore, the ANN backpropaga-
tion model can be successfully used to predict biological
activities of benzoxazinone derivative platelet inhibitors.

4. Conclusions

A data set involving 60 benzoxazinone derivative
antiplatelet agents was investigated to relate their
logICsy values to the molecular structure. A QSAR
modeling of the in vitro logICs, inhibitory concentra-
tion that reduces 50% of the serine-like protease Fac-
tor Xa was carried out using CODESSA PRO
technique.

The multilinear regression equations displayed moder-
ate statistical characteristics. The studies gave an insight
into the forces that modulate the ligand-receptor inter-
action according to the descriptor that appeared in the
MLR model. The interaction of benzoxazinones with
Factor Xa is suggested to involve two corresponding
N-H C-O bond pairs.

The ANN backpropagation technique supplied a model
of a better quality in terms of statistical characteristics
for the prediction set of 20 compounds. The ANN mod-
els are superior over the multilinear models in sense of
prediction.

Since little QSAR work has been previously published
for the inhibition of platelet aggregation, the present
work contributes to the elucidation of molecular forc-
es that occur in the substrate-inhibitor interactions.
The design of drugs with favorable pharmacology is
of interest in modern medicinal chemistry and the
search for them should be performed using appropri-
ate computational methods.
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Figure 8. Confusion matrix for the training set.



7498 A. R Katritzky et al. | Bioorg. Med. Chem. 14 (2006) 7490-7500

7415

2

LogICyy <= -7.

LogICsy (-7.7415.-8 8671]

-5.9027]

Predicted LogICs, values (classes)
(58627 .5.1183] LogiCyy (-8 8671

LogiCs

51183

LogiCay =

LogiCas <= 77111 LegiCay: (7.7111,6.7232)

Confusion matrix for the test set

'y

LogiCay: 46.7232..5.7353] LogiCa: (5736347474 LogiCey: > -4.7474

Observed LogICs; values (classes)

1

5 9

Figure 9. Confusion matrix for the validation set.

5. Methodology
5.1. Multilinear models

The 2D structures of compounds were drawn using
Hyperchem 7.5 software?* and their geometries were
preoptimized using the molecular mechanics force field
(MM+) available in the Hyperchem 7.5 package. The fi-
nal refined equilibrium molecular geometries were ob-
tained using the semiempirical methods AMI1 (Austin
Model-1) without any symmetry constraint*> applying
a gradient norm limit of 0.01 kcal/A as a stopping crite-
rion for optimized structures.

These geometries were used to calculate up to 700
molecular descriptors, classified as (i) constitutional,
(i1) topological, (iii) geometrical, (iv) charge-related, (v)
semiempirical, and (vi) thermodynamical, using CO-
DESSA PRO package.?¢

The best multilinear regression analysis searches for the
optimal regression coefficients (a;,b;) of the linear
equation:

y,=a; + Z bix; (6)

where x and y are the elements of the input and, respec-
tively, the output data.

During the BMLR procedure the descriptor scales are
normalized, centered automatically, and the final result
is given in natural scales. This result has the best repre-
sentation of the property in the given descriptors’ pool.
The final correlation equations are selected on the basis

of partial and standard tests of significance and the high-
est multiple correlation coefficients.

CODESSA PRO software correlated and predicted suc-
cessfully a series of physico-chemical and biological activ-
ities for diverse classes of organic compounds including
boiling points,?” partition coefficients,?® cyclodextrin
complexation free energy,”® solvent scales,? rat blood:-
air, saline:air, olive oil:air, blood:air,?' tissue: air partition
coefficients,3? genotoxicity of aromatic amines and chlori-
nated aromatic compounds,*3*® inhibitory activity of 3-
aryloxazolidin-2-one antibacterials against Staphylococ-
cus aureus,>* drug transfer into breast milk,? etc.

The QSAR models obtained were validated by the leave-
one-out method and by internal validation whereby the
compounds are divided into three subsets and each sub-
set is predicted by a model derived from the remaining 2/
3 of the compounds. The corresponding squared cross-
validated correlation coefficient (R2) for all selected
models is calculated automatically by the validation
module implemented in CODESSA PRO package.

5.2. Nonlinear artificial neural network (ANN) models

In this work, a backpropagation ANNZ3-36¢-37 was devel-
oped and used to obtain a nonlinear QSAR model.
Topologically, it consists of input, hidden, and output
layers of neurons or units connected by weights as
shown in Figure 10. Each input layer node corresponds
to a single independent variable (molecular descriptor)
with the exception of the bias node. Similarly, each out-
put layer node corresponds to a different dependent var-
iable (property under investigation).
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Output layer

Hidden layer

Input layer

Figure 10. Three-layer backpropagation neural network.

Associated with each node is an internal state designated
by I, H,, and O,, for the input, hidden, output layers,
respectively. Each of the input and hidden layers has
an additional unit, termed a bias unit, whose internal
state is assigned a value of 1. The input layer’s /; values
are related to the corresponding independent variables
by the scaling Eq. 7:

D; — Difmin) + 0.1
— Dj(min) + 0.1

I = (7)
where D; is the value of the ith descriptor, Djmax) and
Djminy are its maximum and minimum values, respec-
tively. The state Hj, of each hidden unit is calculated
by the squashing (sigmoid, logistic) function:

Di(max)

1
Hy(ph) = ————
k) = 82
Py = E wiil ;i + 0, (8b)

where wy,; is the weight of the bond that connects hidden
unit /2 with input unit 7 and 6, is the weight connecting
hidden unit /& to the input layer bias unit. The state
0,,, of output unit m is calculated by,

1
On(®y) = Txeon (9a)
(pm = Z Wthh + Qm (9b)
h

where W, is the bond that connects output unit m to
hidden layer bias unit. The network calculated O,, val-
ues are within the range [0,1].

The training of the neural network is achieved by mini-
mizing an error function E with respect to the bond
weights {wy;, W}

P

where E, is the error of the pth training pattern, de-
fined as the set of descriptors and activity correspond-
ing to the pth data points, or chemical compounds;
ap, corresponds to the experimentally measured value
of the mth dependent variable, in this case the ICsy.
These values were also scaled in the same manner as
in Eq. 7.

One of the standard algorithms for minimizing E is the
delta rule.?*-3¢37 The algorithm is based on an iterative
procedure for updating the weights of the neural net-
work from their initially assigned random values. The
equations for updating the weights are given below in
(11a) and (11b):

n n aE
Wil = Wi, — "W (11a)
, OE
Wi = W= oy (11b)

In (11a,11b) the superscript » indicates the consecutive
iterations in the minimization procedure and 7 is the
learning rate with values typically less than 1. Similar
equations are used for 0, and 0,,,.
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