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Abstract—Negative inotropic potency of 60 benzothiazepine-like calcium entry blockers (CEBs), Diltiazem analogs, was successful-
ly modeled using Bayesian-regularized genetic neural networks (BRGNNs) and 2D autocorrelation vectors. This approach yielded
reliable and robust models whilst by means of a linear genetic algorithm (GA) search routine no multilinear regression model was
found describing more than 50% of the training set. On the contrary, the optimum neural network predictor with five inputs
described about 84% and 65% variances of 50 randomly selected training and test sets. Autocorrelation vectors in the nonlinear
model contained information regarding 2D spatial distributions on the CEB structure of van der Waals volumes, electronegativities,
and polarizabilities. However, a sensitivity analysis of the network inputs pointed out to the electronegativity and polarizability 2D
topological distributions at substructural fragments of sizes 3 and 4 as the most relevant features governing the nonlinear modeling

of the negative inotropic potency.
© 2006 Elsevier Ltd. All rights reserved.

1. Introduction

In the last two decades, the development of compounds
capable of blocking calcium channels has provided
much benefit to heart disorders. Due to their vascular
properties, calcium entry blockers (CEBs) are used in
the treatment of hypertension as well as in ischemic
heart diseases.!”> On the other hand, CEBs reduce the
slow calcium current with a consequently direct negative
inotropic effect by blocking myocardial calcium chan-
nels.> However, vasodilatory response may affect cardi-
ac performance by reflex-mediated changes masking
negative inotropic activity. The best-known CEBs which
are widely used as therapeutic agents in cardiovascular
diseases are dihydropyridines (DHPs), such as Nifedi-
pine, and non-DHPs, represented by Verapamil and
Diltiazem.
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Dihydropyridines are an important class of drugs able
to block the Ca?" currents through voltage-dependent
L-type channels. They elicit the therapeutic effects by
reversibly blocking Ca** influx through L-type calcium
channels (LCCs Cavl) found in cardiac and vascular
smooth muscle.* In particular, splice variants Cavl.2a
and Cavl.2b are associated with the heart and smooth
muscle, respectively.’ On the other hand, Diltiazem, a
1,5-benzothiazepine, has affinity for the L-type calcium
channels like the other CEBs, but it is less potent on
the peripheral smooth muscle than on myocardial tissue.
This weak selectivity produces negative chronotropic
and inotropic effects that reduce the myocardial oxygen
demand.® In particular, the selective chronotropic and
inotropic activity of new compounds might open new
perspectives in the search for more effective drugs for
the control of cardiac arrhythmias and led attention to
the synthesis of novel Diltiazem-like CEBs.” 1°

Computational-based rational design of drugs has in-
creased in the last decade. Most of those approaches
are focused on quantitative structure—activity relation-
ship (QSAR) studies, using different kinds of molecular
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descriptors for encoding chemical information.!!!2

After computing a set of descriptors, multivariate linear
or/and nonlinear relationships are established between a
reduced subset of variables and the biological activity,
leading to a mathematical model.

Since interactions between a chemical and a biological
system are often nonlinear by nature, artificial neural
network (ANN) methodology has been successfully ap-
plied in QSAR studies of biological activities yielding, in
most of the cases, better results than multilinear regres-
sion analysis (MRA).'322 Besides the nonlinearity exist-
ing between biological activities and the computed
molecular descriptors, another major problem arises
when the number of calculated variables exceeds the
number of compounds in the data set, so that one is
dealing with an undetermined problem where undesir-
able overfitting can result.!®> This problem can be han-
dled by implementing a feature selection routine that
determines which of the descriptors has a significant
influence on the activity of a set of compounds. Genetic
algorithm (GA), rather than forward or backward elim-
ination procedures, has been successfully applied for
feature selection in QSAR studies when the dimension-
ality of the data set is high and/or the interrelations be-
tween variables are convoluted.'#17-20-23 Ip this context,
we recently introduced Bayesian-regularized genetic
neural networks (BRGNNs) as a computational ap-
proach that combines Bayesian-regularized neural net-
works (BRANNs) and GA for building optimum
nonlinear QSAR models.?'23

Graph-theoretical and topological approaches have
been included in several QSAR studies.!?13:20-23-31
Among these methods, 2D spatial autocorrelations®* 2’
have been successfully used in the last decades for mod-
eling log P-values,?® biological activities,?®?’ for phar-
maceutical®®*®  and toxicological research.’! In
addition, in recent works, our group has obtained out-
standing results when such chemical code was used in
combination with ANN approach in biological QSAR
studies.?®23 Such results have inspired us to go forward
on the application of these molecular descriptors on the
study of biological interactions.

In this work, we employed Bayesian-regularized genetic
neural networks (BRGNNSs) for nonlinear modeling of
the negative inotropic potency of 60 Diltiazem-like CEBs
(Table 1). BRGNN approach was used for building an
optimum neural network model using 2D autocorrelation
vectors for encoding the chemical information. In order to
gain in performance in both robustness of predictions and
speed of computation for the ANNs, BRGNNSs incorpo-
rate Bayesian regularization that was implemented in a
Levenberg—Marquardt algorithm for error minimization
during supervised training of full-connected feed-forward
ANN:S.

2. Results and discussion

In a first attempt, we searched for linear dependences
between the negative inotropic potency of the studied

CEBs and the 2D spatial autocorrelation vectors we
used for structural information encoding. In this sense,
linear subspace in the data set was explored using mul-
tilinear regression models with number of variables
ranging from 3 to 8 inside a GA routine. However, even
after deleting some compounds from the training set as
outliers, no multilinear regression model with
R? . > 0.5 was found. This result evidences we are deal-
ing with a phenomenon having high nonlinear compo-
nents. Therefore, a computational method able to
establish reliable nonlinear relationships between the
chemical information encoded in the 2D spatial autocor-
relation vectors and pECsg, a very complex and multi-
factor-dependent  biological  activity, is  here
mandatory. So, in this work from this point to further
the modeling of the negative inotropic potency of the
studied CEBs was faced using BRGNN approach.

2.1. Bayesian-regularized genetic neural networks
(BRGNN) simulations

Similar to the multilinear GA search, in the BRGNN
framework the nonlinear sub-space in the data set was
explored varying the number of network inputs from 3
to 8. In this connection, optimum neural network pre-
dictors were found having five 2D autocorrelation vec-
tors as network inputs. Concerning this, Figure 1
depicts plots of data fitting for optimum predictor but
varying the number of hidden nodes in the network.
As can be observed, improvement in training and test
sets fitting was increased with the increment of the num-
ber of hidden neurons until an optimum architecture
was reached. This behavior of the ANNs is due to the
Bayesian regularization, which adjusts the network
weights and biases to an extent in which the network
outputs fit the targets (biological activity) in an opti-
mum way, yielding a practically architecture-indepen-
dent network.

Furthermore, Table 2 shows statistics and variables for
optimum BRGNN predictor with different number of
hidden nodes. The variables in the nonlinear models rep-
resent, GATS8v the Geary autocorrelation of a topolog-
ical structure of lag 8 weighted by van der Waals
volumes, GATSS8e the Geary autocorrelation of a topo-
logical structure of lag 8 weighted by Sanderson electro-
negativities, GATS3e the Geary autocorrelation of a
topological structure of lag 3 weighted by Sanderson
electronegativities, GATS6e the Geary autocorrelation
of a topological structure of lag 6 weighted by Sander-
son electronegativities, and MATS4p the Moran auto-
correlation of a topological structure of lag 4 weighted
by polarizabilities. By inspection of Table 2 it can be ob-
served that Bayesian regularization yielded quite stable
and reliable networks. However, among those neural
networks the optimum predictor was BRGNN 4 with
4 hidden nodes (neurons in the hidden layer) having ade-
quate average values of R2 . and R> for training and

train test

test sets fitting about 0.84 and 0.65, respectively.

Concerning the possibility of chance correlations, fol-
lowing the method used by So and Karplus in Ref. 14,
we performed a randomization test. Randomized values



3332

J. Caballero et al. | Bioorg. Med. Chem. 14 (2006) 3330-3340

Table 1. Chemical structures of CEBs and experimental, predicted, and residual negative inotropic potency according to model BRGNN 4

OMe

Compound R1 R2 R3 R4 X pECso
Experimental Predicted Residual
1 — — — — — 0.102 —0.035 0.138
2 — — OH — 4-Cl 0.284 0.394 —0.110
3 H CH; OH — 4-Cl 0.097 0.238 —0.141
4 H H OH — 4-Cl —0.610 —0.618 0.009
5 CH; CH; OH — 4-Cl —0.152 —0.031 -0.122
6 CH; H OH — 4-Cl —0.236 —0.233 —0.002
7 H CH; OH — H 0.638 0.257 0.382
8 H CH3; OH — 4-Br 0.495 0.383 0.112
9 H CH; OH — 4-F —0.083 —0.086 0.003
10 H CHj; OH — 4-CH; 0.244 0.131 0.113
11 H CH; OH — 4-Ph —0.423 —0.358 —0.065
12 H CH; OH — 4-CN 0.119 —0.012 0.131
13 H CH; OH — 4-OCH;3 0.284 0.306 —0.022
14 H CH; OH — 4-NO, —-0.217 —0.271 0.054
15 H CH; OH — 3-Cl 0.187 0.332 —0.145
16 H CH; OH — 3-CH; 0.143 0.292 —0.150
17 H CH; OH — 3-OCH3; 0.310 0.226 0.084
18 H CHj; OH — 3-NO, —0.246 —0.193 —0.052
19 H CH; OH — 3-CF; —0.336 -0.277 —0.060
20 H CH; OCH; — 4-Cl —0.188 —0.066 —0.122
21 H CH; OCH,CH(CH3;), — 4-Cl 0.252 0.328 —0.076
22 H H OH — H —0.818 —0.839 0.020
23 H CH; OCH,CH(CH3;), — 4-Br 0.509 0.485 0.024
24 H CH; OCH,CH; 4-Cl 0.569 0.580 —0.012
25 H CH; OCH,CH; 4-Br 1.398 1.161 0.237
26 H CH; O(CH,),CH; 4-Cl 0.051 0.118 —0.067
27 H CH; O(CH,),CH3 4-Br 0.387 0.135 0.253
28 H CH; O(CH,);CH; 4-Cl —0.267 0.032 —0.299
29 H CH; O(CH,);CH3; 4-Br —0.009 0.042 —0.050
30 H CH; O(CH,)sCHj3 4-Cl 0.194 0.173 0.021
31 H CH; O(CH,)sCH3 4-Br 0.081 0.187 —0.106
32 H CH; O(CH,)sCH3 4-Cl 0.102 0.156 —0.054
33 H CH; O(CH,)sCH3 4-Br 0.456 0.449 0.007
34 H CH; O(CHy);,CH; 4-Cl 0.060 0.041 0.020
35 H CH; O(CH,);,CH3; 4-Br 0.886 0.413 0.473
36 H CH; O(CH,);4CH; 4-Cl —0.053 —0.095 0.042
37 H CH; O(CH,»)4CH3; 4-Br 0.377 0.287 0.090
38 H CH; O(CH,);7CH3; 4-Br 0.013 0.166 —0.153
39 H CH; OCH(CH3), 4-Cl 0.658 0.537 0.120
40 H CH; OCH(CH;), 4-Br 0.569 0.703 —0.135
41 H CH; OCH,CH=CH, 4-Cl 0.432 0.216 0.216
42 H CH; OCH,CH=CH, 4-Br 0.260 0.275 —0.015
43 H CH; OCH,CH=CHCH,CHj; Z-isomer 4-Cl -0.117 0.211 —0.328

(continued on next page)
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Table 1 (continued)

Compound R1 R2 R3 R4 X pECso
Experimental Predicted Residual
44 H CH, OCH,CH=CHCH,CH, Z-isomer 4-Br 0.201 0232 0032
45 H CH; OCH,CH=CH(CH,);CH; Z-isomer 4-Cl 0.060 ~0.007  0.067
46 H CH; OCH,CH=CH(CH,);CH; Z-isomer 4-Br 0100 0358  —0.459
47 H CH,; OCH,Ph 4-Cl 0.131 0.124 0007
48 H CH; OCH,Ph 4-Br 0.229 0.148  0.081
49 H CH, OCH,-cyclohexyl 4-Cl 0.620 0521 0.099
50 H CH, OCH,cyclohexyl 4-Br 0.721 0588  0.133
51 — _ H CH,N(CH,)» H 0.076 0.110  —0.034
OMe
52 — _ H L /_@OMG 4-OCH, 0.347 0317 0.030
N
H
53 OCOCH, H H 0.252 023 0017
54 —  — CH,N(CHs) OOMG 4-OCH, 0.036 0010 0.026
OMe
55 — _ H L oMe 4-OCH; ~0.176 0073 —0.103
N
|
OMe
56 S L /_@OMG 24-Di-OCH; 0420 0550  —0.130
N
H
57 — _ H CH,N(CH3), 4-OCH, 0.620 0.687  —0.067
58 . OCOCH, H 4-OCH, 0.051 0035 0.086
59 — _ ph CH, N(CHj), H 0.137 0.155  —0.018
60 — _— H H 4-OCH, ~0.079 0114 0.035

Compounds 1-22 were taken from Ref. 9.
Compounds 23-50 were taken from Ref. 10.
Compounds 51-60 were taken from Ref. 8.

were given to the dependent variable (biological activi-
ties) and networks were trained using this randomized
target and the real set of five 2D spatial autocorrelation
vectors (independent variables). By repeating these pro-
cesses 500 times no correlation was found between R
values of training and test sets, similar to the results of
So and Karplus.'

The correlation matrix of the descriptors representing
the optimum BRGNN inputs is shown in Table 3. As
can be observed, the BRGNN approach selected non-
correlated variables, so different information is brought
to the model by each autocorrelation vector. In addi-
tion, the fact that autocorrelation vectors weighted by
different properties (van der Waals volume, atomic
masses, and polarizabilities) occurred in the optimum
nonlinear predictor pointed out we are dealing with a
very complex activity that depends on different types
of molecular interactions.

Aiming to figure out the impact of each input in the pre-
dictor BRGNN 4, we performed a sensibility analysis in

two ways.3? Descriptor under study was removed from
the BRGNN together with its corresponding weights
and the statistical coefficient R}, for training set was
analyzed. Comparison between these R” values and that
calculated when no descriptor was removed gave an idea
of the importance of the descriptor removed. On the
other way, mean of the absolute deviation values Ami
between the observed and estimated value for all com-
pounds was calculated. Finally, the contribution factor
C? of descriptor i (i = 1-5) is given by:

100 x Ami
C=——"-" 1
! > Ami (1)

The results of the sensitivity analysis appear in Table 4.
As can be observed, both approaches for measuring the
descriptors’ importance agree well. In this sense, the
higher decreases in R” corresponded to the higher values
of C;. Among the five descriptors in the model BRGNN
4, descriptors with highest impacts (C;>20% and
R? . < 0.5) are GATS3e and MATS4p which are auto-
correlation vectors weighted by Sanderson electroneg-
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Figure 1. Plots of predicted versus experimental negative inotropic potency (pECsg) of the CEBs by the nonlinear predictors trained with optimum
five 2D autocorrelation vectors yielded by BRGNN but varying the number of hidden nodes. The dotted lines are an ideal fit with the respective

intercept and slopes equal to zero and one.

ativities and polarizabilities representing topological
substructures of sizes 3 and 4, respectively, in the CEB
molecule.

In addition to the sensitivity analyses that allows getting
a general notion about the impact of each descriptor in
an ANN model, the black-box nature of three-layer
ANNSs has been ‘deciphered’ in a recent report of Guha

et al.>3 Their method allows understanding how an input
descriptor is correlated to the predicted output by the
network and consists of two parts. First, the nonlinear
transform for a given neuron is linearized. Afterward,
the magnitude in which a given neuron affects the down-
stream output is determined. Next, a ranking scheme for
neurons in the hidden layer is developed. The ranking
scheme is carried out by determining the square contri-
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Table 2. Statistics of the optimum nonlinear predictors for the negative inotropic activity of the Diltiazem-like CEBs

Descriptors BRGNN model Hidd nod Num par Average over 50 training/test partitions
Opt par thrain Strain Rlzesl Stesl

MATS4p, GATSSv, GATS3e, GATS6e, GATS8e 1 1 8 6 0.352 0302 0336 0.602

2 2 15 9 0.498 0.261 0.488 0.501

3 3 22 15 0.712 0201  0.609  0.402

4 4 29 20 0.842 0.123 0.652 0.343

5 5 36 22 0.840 0.126  0.602 0.410

6 6 43 22 0.839 0.125 0.570 0.435

Optimum neural network predictor appears in bold letter.

Hidd nod represents the number of hidden nodes, Num par represents the number of neural network parameters, Opt par represents the average

optimum number of neural network parameters yielded by the Bayesian regularization, R

2

2 oo . ati i
ain ANd Ry, are average square correlation coefficients of

50 randomly selected training and test sets fitting, respectively, Si.in and Sies are average standard deviations of 50 randomly selected training and

test sets fitting, respectively.

Table 3. Correlation matrix of the inputs of the optimum BRGNN
predictor

MATS4p GATS8v GATS3e GATS6e GATSSe
MATS4p 1 0.009 0.087 0.264 0.008
GATSS8v 1 0.02 0.014 0.168
GATS3e 1 0.262 0.004
GATS6e 1 0.162
GATS8e 1

Table 4. Results of the sensitivity analysis for evaluating the impact of
each descriptor in model BRGNN 4

Model Removed descriptor C%otrain thmi“
BRGNN 4 MATS4p 22.8 0.413
GATS8v 18.8 0.606
GATS3e 24.4 0.390
GATS6e 16.9 0.716
GATS8e 17.1 0.698
None 100 0.811

C% > 20% and R?

train

< 0.5 appear in bold letter.

bution values (SCV) for each hidden neuron (see Ref. 33
for details). This method for ANN model interpretation
is similar in manner to the partial least-squares interpre-
tation method for linear models described by Stanton.3*
Results of the ANN deciphering study appear in Table
5. The reported effective weight matrix for the optimum
model BRGNN 4 reflects that it is very difficult the
interpretation of the interactions between descriptors
and the biological activity under study. First, three of

Table 5. Effective weight matrix for the 5-4-1 BRGNN 4 model
developed for the inotropic activity of the Diltiazem-like CEBs"

Inputs Hidden neuron
3 4 1 2

MATS4p 1.841 —1.549 0.393 -0.973
GATSSv —1.965 —0.307 2.328 -0.127
GATS3e —1.655 1.557 0.764 0.044
GATS6e —1.436 —1.428 1.495 1.006
GATSSe 0.280 0.071 —1.038 —0.196
SCv 0.366 0.332 0.264 0.039

#The columns are ordered by the SCVs for the hidden neurons, shown
in the last row.

the four hidden neurons (3,4, and 1) in the model have
about the same contribution to the model (SCV = 0.366,
0.332, and 0.264). Second, the most weighted descriptors
(MATS4p, GATSSv, GATS3e, and GATS6e) in these
three most important hidden neurons have effective
weights with different signs. These facts confirmed the
complexity of the vectorial subspace resembled for the
autocorrelation vectors used as input of the optimum
predictor BRGNN 4.

2.2. Model’s interpretation

In spite of several reports having been focused on QSAR
studies on ion channel blocker activity,!”#* little has
been done on the modeling of myocardial activity of
CEBs. In this sense, Budriesi et al.'® reported a 3D
QSAR study using GRID descriptors on a series of Dil-
tiazem analogs they synthesized and other previously
published analog compounds,® all of them including in
our work. They identified some pharmacophoric fea-
tures that favorably affect the inotropic potency: one
positively charged center, three lipophilic groups, and
two hydrogen-bonding acceptor groups. This fact well
agrees with our results taking into account our optimum
BRGNN model present five 2D spatial autocorrelation
vectors gathering structural information related to van
der Waals volumes, electronegativities, and polarizabili-
ties distribution on the chemical structure, pointing out
to multifactor receptor—drug interactions. We concluded
that the BRGNN approach was able to gather different
interactions governing the myocardial activity of the
studied CEBs, in a way that a unique nonlinear model
satisfactorily comprises compounds displaying extreme
high (compound 25) or low (compounds 4 and 22)
activities.

Interpreting a QSAR model in terms of the specific con-
tribution of substituents and other molecular features to
the modeled activity is always a difficult work. In spite
of the obvious limited information from 2D representa-
tions of molecules, 2D autocorrelation descriptors have
found successful applications in the performance of
ANN-based QSAR modeling in previous reports of
our group.’®?* Although more evident information
can be obtained from ‘traditional’ descriptors, such as
log P or pK,, several authors pointed out problems with
the definition of an adequate chemistry space using
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them.!!'® In general, ‘traditional’ descriptors often are
highly correlated and cannot distinguish the details of
important substructural differences. Likewise, 3D
descriptors are highly dependent on conformations of
molecules; consequently, an adequate three-dimensional
application requires the identification of active confor-
mations (the receptor-bound conformation) among mul-
tiple molecular shapes of the compounds.

The 2D autocorrelation descriptors represent the topo-
logical structure of the compounds, but are more com-
plex in nature when compared to the classical
topological descriptors. The computation of these
descriptors involves the summations of different auto-
correlation functions corresponding to different struc-
tural lags and leads to different autocorrelation vectors
corresponding to the lengths of substructural fragments.
Bearing in mind this aspect, the interpretation of 2D
autocorrelation descriptors is uneasy.

Basically, the pool of 2D autocorrelation descriptors de-
fines a wide 2D space. On behalf of a greater applicabil-
ity, physicochemical properties (atomic masses, atomic
van der Waals volumes, atomic Sanderson electroneg-
ativities, and atomic polarizabilities) were inserted as
weighting components. As a result, these descriptors ad-
dress the topology of the structure or parts thereof in
association with a specific physicochemical property.
For a sound application, we found that a very few struc-
tural keys yield better performances than the complete
set. In point of fact, the BRGNN method selected an
optimum descriptor combination, which includes van
der Waals volumes, electronegativities, and polarizabili-
ties as the most relevant key features. This result illus-
trates that a certain distribution of these properties is
necessarily required for typifying the negative inotropic
potency of the studied CEBs.

To the best of our knowledge, our study is the first com-
prehensive study regarding the modeling of negative
inotropic activity of Diltiazem-like CEBs by 2D QSAR.
The complexity of the biological property under investi-
gation led us to the use of ANN modeling rather than a
linear approach, making model interpretation harder.
However, by means of a sensitivity analysis of the neural
network inputs and an effective weight study, we gained
a deeper insight into the BRGNN model. Those analy-
ses showed the complexity of the developed model main-
ly governed by highly nonlinear interactions among the
autocorrelation vectors and the inotropic activity.
Although, from this analyses was derived the fact that
autocorrelations of electronegativities and polarizabili-
ties at substructural fragments of size 3 and 4 in the
CEB molecule are the most relevant features governing
the nonlinear modeling of the negative inotropic poten-
cy. This fact may be viewed in terms of association of
activity information content with structural fragments
of such size and could be related with the great impor-
tance of an adequate molecular size and/or shape for a
proper matching into the receptor. However, further
deciphering of the information content of these descrip-
tors is very complex as their computations involve inte-
gration of the structural fragments and due to this it is

not possible to traverse backward from a higher state
to a lower one.!3 These facts make our model mainly
interesting as a predictive tool rather than for designing
or an approach for explanation of the structure property
trends that are encoded within the model. Regarding
this, our BRGNN predictor should be useful for predic-
tive purposes, as an ‘in silico’ filter, to screen for new po-
tent myocardial active CEBs.

3. Concluding remarks

Since biological phenomena are complex by nature, in
this work the negative ionotropic potency of 60 CEBs,
Diltiazem analogs, was successfully modeled using a hy-
brid approach that combines GA and BRANNs named
BRGNN. 2D spatial autocorrelation vectors demon-
strated again to encode relevant structural information
from the studied compounds that highly correlate in a
nonlinear way with the myocardial activity. Non-reli-
able linear relationship was found by means of GA
search routine even deleting some compounds as outli-
ers. However, BRGNN approach yields a reliable pre-
dictor describing about 84% and 65% of 50 training
and test set partitions’ variance, respectively.

Furthermore, a sensitivity analysis of the inputs of the
optimum BRGNN yielded that autocorrelations of elec-
tronegativity and polarizabilities at substructural frag-
ments of size 3 and 4 in the CEB molecule are the
most relevant features governing the nonlinear modeling
of the negative inotropic potency.

The present work demonstrates the wide applicability of
BRGNN approach like a robust and sensitive method to
quantify structure-activity relationships. In general,
ANNSs are more appropriate than other approaches
for particular problems at hand. Their general ability
to model nonlinear effects makes them useful tools to
solve relationships when traditional linear models fail.
Moreover, Bayesian regularization is a way to avoid
the well-known shortcomings of neural networks; in this
sense, the combination of BRANNs with GA
(BRGNNs) led to a powerful method for the scientific
community interested in handling complex biological
activities.

4. Material and methods
4.1. 2D Spatial autocorrelation approach

The binding of a substrate to its receptor is dependent
on the shape of the substrate and on a variety of effects
such as the molecular electrostatic potential, polarizabil-
ity, hydrophilicity, and lipophilicity. Therefore, in a
QSAR study the strategy for encoding molecular infor-
mation must, in some way, either explicitly or implicitly,
account for these physicochemical effects. Furthermore,
usually data sets include molecules of different sizes with
different number of atoms, so the structural encoding
structures must allow comparing such molecules. Thus,
we were faced with the problem of having to compare
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molecules with different number of atoms. Information
having variable length can be transformed into fixed-
length information by autocorrelation.?®

Autocorrelation vectors have several useful properties.
First, a substantial reduction in data can be achieved
by limiting the topological distance, /. Second, the auto-
correlation coefficients are independent of the original
atom numberings, so they are canonical. And third,
the length of the correlation vector is independent of
the size of the molecule.?®

For the autocorrelation vectors, H-depleted molecular
structure is represented as a graph G and physicochem-
ical properties of atoms (i.e., atomic masses, atomic van
der Waals volumes, atomic Sanderson electronegativi-
ties, and atomic polarizabilities) as real values assigned
to the vertices of G (Table 6).

These descriptors can be obtained by summing up the
products of certain properties of two atoms, located at
given topological distances or spatial lag in G. Three
spatial autocorrelation vectors were employed for mod-
eling the inotropic activity.

e Moran’s index:%*

"51'/' w — Dk kj D
me—%z”gwﬂﬁ)p) 2)

o Geary’s coefficient:?’

(N —1) 22;9(P — Pe) (P — Pr)

GATSp,l = hd 3
d=T > e — ) ®

¢ Broto-Moreau’s autocorrelation coefficient:>°
ATSpl = Z OiiDlss (4)

where MATSp,l, GATSp,l, and ATSp,[ are Moran’s in-
dex, Geary’s coefficient, and Broto-Moreau’s autocorre-
lation coefficient at spatial lag /, respectively; px; and py;
are the values of property k of atoms 7 and j, respective-
ly; px is the average value of property k; L is the number
of non-zero elements in the sum and 6 (/,d;) is a Dirac-
delta function defined as
1 lf dij - l,

8(1,d;) = ,
(7 dy) {Oﬁ%#h

where dj; is the topological distance or spatial lag be-
tween atoms i and j.

(5)

Spatial autocorrelation measures the level of interdepen-
dence between properties, and the nature and strength
of that interdependence. It may be classified as either
positive or negative. In a positive case, all similar values
appear together, while a negative spatial autocorrelation
has dissimilar values appearing in close association.?*2>
In a molecule, Moran’s and Geary’s spatial autocorrela-
tion analysis tests whether the value of an atomic prop-
erty at one atom in the molecular structure is
independent of the values of the property at neighboring
atoms. If dependence exists, the property is said to
exhibit spatial autocorrelation. Moreau and Broto first
applied autocorrelation function to the topology of
molecular structures.’*>> The autocorrelation vectors
represent the degree of similarity between molecules.
In addition, 2D spatial autocorrelation code has been
successfully applied in nonlinear QSAR studies, proving
to contain relevant nonlinear information concerning
different biological phenomena,?0-23:29-30

A data matrix is generated with the spatial autocorrela-
tion vectors calculated for each compound. Afterwards,
BRGNN was employed for building an optimum QSAR
model (Fig. 2).

4.2. Data set and molecular descriptors

In the present study, a data set of 60 Diltiazem-like
CEBs for which their negative inotropic activities are
reported in the literature®'° was used. In order to assure
the robustness of the models, data set was several times
(50) randomly divided into training sets (48 compounds,
80% of the data set) used for model building and test
sets (12 compounds, 20% of the data set) used for exter-
nal validation of the models. In this regard, we reported
averages of square correlation coefficient for training
(R%,.) and test (R%) sets fitting. Molecular structures,
numbering of the substituents, and activities of the
CEBs are summarized in Table 1.

By means of a geometry optimization step chemical
structures with optimized Cartesian Coordinates were
obtained from which the connectivity and topological
distance matrixes can be derived for topological descrip-
tors’ calculation. In this way, we used the quantum
chemical semi-empirical method PM33 included in Mo-
pac 6.0° computer software. Afterwards, Dragon®’
computer software was employed to calculate the 2D
autocorrelation vectors at spatial lags ranging from 1
to 8. As weighting properties we tried all available prop-

Table 6. Representation of different molecular graphs G and topological distances or spatial lags d;;

Molecular graphs G i

] ] ]

] ]

i/\/\j

dij 1 1 2
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Figure 2. Schematic representation of Bayesian-regularized genetic neural network (BRGNN) technique with a prototype back-propagation neural
network with 3-3-1 architecture. Autocorrelation vectors chosen by genetic algorithm constitute inputs and network is trained against negative

inotropic activity (pECsg) of the CEBs.

erties in Dragon software (atomic masses, atomic van
der Waals volumes, atomic Sanderson electronegativi-
ties, and atomic polarizabilities). Since we calculated
three types of autocorrelation descriptors (Moran’s in-
dex, Geary’s coeflicient, and Broto-Moreau’s autocorre-
lation coefficient) weighted by 4 atomic properties at §
lags, a total of 96 (3 x 4 x 8) descriptors were computed.

4.3. Bayesian-regularized genetic neural networks
(BRGNNs)

4.3.1. Artificial neural networks (ANNSs). Artificial Neu-
ral Networks (ANNs) are computer-based models in
which a number of processing elements, also called neu-
rons, units, or nodes, are interconnected by links in a net-
like structure forming ‘layers.”>® A variable value is
assigned to every neuron. The neurons can be one of three
different kinds. The input neurons receive their values
from independent variables, input layer. The hidden neu-
rons collect values from other neurons, giving a result that
is passed on to a successor neuron. The output neurons
take values from other units and correspond to different
dependent variables, forming the output layer. In this
sense, network architecture is commonly represented as
I-H-0O, where I, H, and O are the number of neurons in
the input, hidden, and output layers, respectively (Fig. 2).

The links between units have associated values, named
weights, that condition the values assigned to the neu-

rons. There exist additional weights assigned to bias val-
ues that act as neuron value offsets. The weights are
adjusted through a training process in order to minimize
network error. Commonly neural networks are adjusted,
or trained, so that a particular input leads to a specific
target output.

In contrast to common statistical methods, ANNs are
not restricted to linear correlations or linear subspaces.3?
They can take into account nonlinear structures and
structures of arbitrarily shaped clusters or curved man-
ifolds. The characteristics of the ANNs have been found
to be suitable for data processing, in which the function-
al relationship between the input and the output is not
previously defined. This is due to the fact that struc-
ture—activity relationships are often nonlinear and very
complex, and neural networks are able to approximate
any kind of analytical continuous function, according
to Kolmogorov’s theorem.?* As biological phenomena
are often nonlinear by nature, ANN technique has been
successfully applied in order to discover the possible
existence of nonlinear relationships between biological
activity and molecular descriptors that are ignored for
the linear approach.*’

4.3.2. Bayesian-regularized artificial neural networks
(BRANN:Ss). Typically, neural network training aims to
reduce the mean square errors of the network
F = MSE. Regularization involves modifying the perfor-
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mance function, usually known as cost function (F). It is
possible to improve generalization if an additional term
is added.

F = xMSE+ax MSW, (6)

where MSW is the sum of squares of the network
weights and biases, and o and B are objective function
parameters. The relative size of the objective function
parameters dictates the emphasis for training, getting a
smoother network response. MacKay’s Bayesian regu-
larization automatically sets the correct values for the
objective function parameters,*! in this sense the regu-
larization is optimized.

Bayesian regularization overcomes the remaining defi-
ciencies of neural networks.*? By using Bayesian regu-
larization robust models, well matched to the data and
able to make accurate predictions can be obtained. Since
the algorithm automatically regularizes the training pro-
cess usually nonvalidation set recurrs so all data set can
be devoted to train the network.!> The Bayesian neural
nets have the potential to give models which are relative-
ly independent of neural network architecture, above a
minimum architecture, and the Bayesian regularization
method estimates the number of effective parameters.
Bayesian Regularized ANNs (BRANNSs) have been suc-
cessfully used on QSAR studies of biological activities
and specifically in drug discovery.'>-16:18.19.21-23

Our BRANNSs are classical back-propagation neural
nets that incorporate the Bayesian regularization algo-
rithm for finding the optimum weights. The Bayesian
regularization takes place within the Levenberg—-Marqu-
ardt algorithm*' implemented in Matlab environment.*?
The input and output values were normalized prior net-
work training.

4.3.3. Bayesian-regularized genetic neural networks
(BRGNNs). In other respects, choosing the adequate
descriptors for QSAR studies is difficult because there
are no absolute rules that govern this choice. Evolution-
ary algorithms and specifically genetic algorithms have
been used for variable selection problems combined to
ANNGs 1#17:20-23 Gince 96 2D autocorrelation vectors
were available for QSAR analysis and only a subset of
them is statistically significant in terms of correlation
with the modeled activity, GA searches were carried
out for building optimum linear and nonlinear models.
GAs are stochastic optimization methods that have been
inspired by evolutionary principles. The distinctive as-
pect of a GA is that it investigates many possible solu-
tions simultaneously, each of which explores different
regions in parameter space.'* The first step is to create
a population of models. These models mate with each
other, mutate, crossover, reproduce, and then evolve
through successive generations toward an optimum
solution.

By combining the concepts of BRANN and GAs,
BRGNNSs are implemented in such a way that BRANN
inputs are selected inside the GA framework (Fig. 2).
The BRGNN approach is a version of the So and Kar-
plus report!'* incorporating Bayesian regularization that

was recently reported by us?' and was programmed
within the Matlab environment using Genetic Algo-
rithm* and Neural Networks Toolboxes.*! BRGNN
has been successfully applied by our group for modeling
the inhibitory activity of several therapeutic target en-
zymes.?!~23

The implemented BRGNN searches for the best fitted
BRANN, in such a way that from one generation to
another the GA tried to minimize the MSE of the net-
works (fitness function). By employing this approach,
instead of a more complicated and time-consuming
cross-validation-based fitness function, we gain in
CPU time and simplicity of the routine. Furthermore,
we can a devote whole data set to train the networks.
However, the use of the MSE fitness function could lead
to undesirable well-fitted but poor generalized networks
as algorithm solutions. In this connection, BRGNN ap-
proach avoids such results by two aspects: (1) keeping
network architectures as simple as possible inside the
GA framework, I-2-1 (Section 4.3.1), less hidden neu-
rons in the network means less parameters in the model
and greater generalization abilities and (2) implementing
Bayesian regulation in the network training function
(Section 4.3.2) that assures also well-generalized
networks.
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