
Bioorganic & Medicinal Chemistry 14 (2006) 280–294
Modeling of activity of cyclic urea HIV-1 protease inhibitors
using regularized-artificial neural networks

Michael Fernández and Julio Caballero*

Molecular Modeling Group, Center for Biotechnological Studies, University of Matanzas, Matanzas, Cuba

Received 2 June 2005; revised 4 August 2005; accepted 5 August 2005

Available online 3 October 2005
Abstract—Artificial neural networks (ANNs) were used to model both inhibition of HIV-1 protease (Ki) and inhibition of HIV rep-
lication (IC90) for 55 cyclic urea derivatives using constitutional and 2D descriptors. As a preliminary step, linear dependences were
established by multiple linear regression (MLR) approaches, selecting the relevant descriptors by genetic algorithm (GA) feature
selection. For ANN models non-linear GA feature selection was also applied. Non-linear modeling of Ki overcame the results of
the linear one using four properties, keeping in mind standard Pearson R correlation coefficients (0.931 vs. 0.862) and leave one
out (LOO) cross-validation analysis ðQ2

LOO ¼ 0:703 vs: 0:510Þ. On the other hand, IC90 modeling was insoluble by a linear
approach: no predictive model was achieved; however, a non-linear relation was encountered according to statistic results
(R = 0.891; Q2

LOO ¼ 0:568). The best non-linear models suggested the influence of the presence of nitrogen atoms and the molecular
volume distribution in the inhibitor structures on the HIV-1 protease inhibition as well as that the inhibition of HIV replication was
dependent on the occurrence of five-member rings. Finally, inhibitors were well distributed regarding its activity levels in a Kohonen
self-organizing map built using the input variables of the best non-linear models.
� 2005 Elsevier Ltd. All rights reserved.
1. Introduction

The human immunodeficiency virus (HIV), which has
been identified as the causative agent of acquired im-
mune-deficiency syndrome (AIDS), has promoted an
unequalled scientific effort to understand and control
this disease. The life cycle of the human HIV-1 provides
a number of targets for potential chemotherapeutic
intervention. Enzymes related to HIV-1 replication have
been identified as therapeutic targets; in consequence, a
wide set of inhibitors of these enzymes have been discov-
ered. As a matter of fact, current therapies utilize a
combination of reverse transcriptase and protease inhib-
itors.1 Furthermore other targets have been identified as
therapeutic agents that block viral entry, fundamentally
the chemokine receptor CCR5.2

One of the crucial stages in the HIV life cycle is the
protease-mediated transformation from the immature,
non-dangerous virion, to the mature, infective virus.
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HIV-1 protease inhibitors have thus become a major
target for anti-AIDS drug design,3,4 its inhibition has
been shown to extend the length and improve the quality
of life of AIDS patients. A large number of inhibitors
have been designed, synthesized, and assayed, and sever-
al HIV-1 protease inhibitors are now utilized in the
treatment of AIDS.5–7 Unfortunately, not all potent
inhibitors of the enzyme make good drugs. The pep-
tide-like nature and size of many HIV-1 protease inhib-
itors limit their oral bioavailability and half-life in
humans, making high blood levels difficult to achieve
and sustain.8 Moreover, many peptide-like agents bind
to plasma proteins, limiting the effective concentration
of free drug available to interact with the intracellular
target sites.9 For this, the search continues for new
inhibitors that exhibit increased potency, lower toxicity,
and critically, effectiveness against the growing popula-
tion of mutants.
The availability of computational techniques based on
structure–activity relationships has accelerated the drug
design process. Large databases of candidate inhibitors
exist that have yet to be evaluated against HIV-1 prote-
ase or its resistant variants. This backlog has exerted
pressure to develop faster and more effective strategies
for the ‘virtual screening’ of candidate inhibitors. In sil-
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ico models that are able to predict the biological activity
of compounds by its structural properties are powerful
tools to design highly active molecules. In this sense, sev-
eral theoretical tools have been applied for the sketch of
new anti-HIV candidates analyzing enzyme–inhibitor
interactions10,11 and scanning the contribution of molec-
ular structures to biological activity by mathematical
relations.

Quantitative structure–activity relationship (QSAR)
studies have been successfully applied for modeling
activities of several kinds of anti-HIV agents.12–19 Due
to the wide set of compounds reported, the inhibitors
of HIV-1 replication have been of interest for modelers.
Among anti-HIV QSAR models, the broad majority has
been accomplished for HIV-1 reverse transcriptase
inhibitors12–14 and HIV-1 protease inhibitors.15–19

In this work, constitutional and 2D descriptors were
used for encoding structural information from cyclic
Table 1. Structural features of cyclic urea derivatives (compounds 1–17)

N

O

OH

R

R2

R1

Experimental and predicted Ki and IC90 by multilinear regression analysis a

Compounda

1 (DMP323) R = CH2OH; R1 = R2 = H

2 (DMP450) R = R2 = H; R1 = NH2

3 (XL075) R = R1 = R2 = H

4 (XN975) R = R2 = H; R1 = 3(1H)pyrazole

5 R = R1 = H; R2 = OH

6 R = H; R1 = 1H-pyrazol-3-yl; R2 = OH

7 R = R1 = H; R2 = OCH3

8 R = H; R1 = 1H-pyrazol-3-yl; R2 = OCH3

9 R = R1 = H; R2 = OCH2CH2OH

10 R = H; R1 = 1H-pyrazol-3-yl; R2 = OCH2CH2OH

11 R = R1 = H; R2 = 4-pyridinylmethoxy

12 R = H; R1 = 1H-pyrazol-3-yl; R2 = 4-pyridinylmethoxy

13 R = R1 = H; R2 = 2-(4-morpholinyl)ethoxy

14 R = H; R1 = 1H-pyrazol-3-yl; R2 = 2-(4-morpholinyl)ethox

15 R = H; R1 = 1H-pyrazol-3-yl; R2 = 3-pyridinylmethoxy

16 R = R1 = H; R2 = OCH2CH2NHCH3

17 R = H; R1 = 1H-pyrazol-3-yl; R2 = OCH2CH2N(CH3)2
a Compounds 1–17 are from Ref. 21.
bModel considering compound 19 as an outlier.
urea derivatives, and linear and non-linear models for
their inhibition of HIV-1 protease (Ki) and inhibition
of HIV replication (IC90) were built using multivariate
linear regression analysis (MLR) and artificial neural
networks (ANNs). A comparative study was developed
according to the results of data fitting and the predictive
power of the models measured by cross-validation tech-
nique. The versatility of ANNs was also used for map-
ping both anti-HIV activities on topological maps
using competitive neural networks.
2. Materials and methods

2.1. Data sets: source and prior preparation

Inhibition of HIV-1 protease (Ki) and inhibition of HIV
replication (IC90) for 55 cyclic urea derivatives were tak-
en from the literature.20–24 The chemical structures and
logarithmic experimental activities are shown in Tables
N

OH

R

R2

R1

nd artificial neural network models

log (106/Ki (nM)) log(106/IC90 (nM))

Experimental MLR ANN2 Experimental MLR ANN2b

6.54 6.70 6.18 4.04 3.92 4.13

6.55 6.20 6.93 3.90 3.83 3.33

5.47 6.00 5.63 3.10 3.68 3.69

7.57 7.34 7.47 4.25 3.63 3.84

5.96 6.11 5.84 3.74 3.63 3.44

7.79 7.45 7.53 2.87 3.80 3.57

5.07 5.46 5.47 3.22 3.56 3.14

7.11 6.88 7.26 5.00 4.57 4.37

6.12 5.81 5.96 4.11 3.76 4.15

7.23 7.17 6.93 3.34 3.75 3.56

6.08 5.81 6.21 4.00 3.96 3.99

7.15 7.19 7.26 4.74 4.13 4.50

5.23 4.97 5.20 3.64 3.12 3.83

y 6.89 6.47 6.83 2.99 3.16 2.81

7.23 7.23 7.30 4.49 4.21 4.72

5.80 6.22 6.04 3.10 2.97 3.04

7.21 7.18 7.61 2.27 3.03 2.72



Table 2. Structural features of cyclic urea derivatives (compounds 18–30)
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R1R

O

OH OH

NHNH

O

N
H

N

N

NHO

Experimental and predicted Ki and IC90 by multilinear regression analysis and artificial neural network models

Compounda log(106/Ki (nM)) log(106/IC90 (nM))

Experimental MLR ANN2 Experimental MLR ANN2b

18 (SD146) R = R1 = benzyl 7.62 7.27 7.48 5.30 4.62 4.86

19 R = R1 = ethyl 5.35 6.31 5.92 3.24 3.72 —

20 R = R1 = isobutyl 6.52 6.64 6.31 4.23 4.13 4.32

21 R = R1 = hexyl 6.46 7.02 6.71 4.07 4.16 3.87

22 R = R1 = cyclohexyl 6.54 6.85 6.95 4.85 4.76 5.12

23 R = R1 = 4-aminobenzyl 7.80 8.31 7.62 5.00 4.94 4.85

24 R = R1 = 4-(dimethylamino)benzyl 7.42 7.32 7.11 5.10 5.33 4.96

25 R = R1 = 4-hydroxybenzyl 7.46 7.37 7.56 4.46 4.84 4.83

26 R = R1 = 4-(benzyloxy)benzyl 5.43 6.18 5.57 3.90 4.35 3.97

27 R = R1 = 4-methoxybenzyl 7.59 6.87 7.30 4.72 5.26 4.60

28 R = ethyl; R1 = benzyl 7.16 6.88 7.12 4.59 4.48 4.98

29 R = isobutyl; R1 = benzyl 7.42 6.90 7.16 5.00 4.51 5.00

30 R = hexyl; R1 = benzyl 7.34 7.14 7.32 5.05 4.46 5.08

a Compounds 18–30 are from Ref. 22.
bModel considering compound 19 as an outlier.
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1–3. Ki (nM) values represent the enzyme inhibition con-
stants, meanwhile the activity parameters IC90 are mea-
sures of antiviral potency and refer to the nanomolar
concentration of each compound required to reduce
the concentration of HIV viral RNA by 90% from the
level measured in an infected culture.

Prior to molecular descriptor calculations, 3D structures
of the studied compounds were geometrically optimized
using semi-empirical quantum-chemical method PM325

implemented in MOPAC 6.026 computer software.

2.2. Molecular descriptors

The simplest information that can be extracted from a
molecule is the amount of atoms or congregations of
atoms, according to its chemical nature and chemical
environment, defining molecular sub-fragments that
can be considered as �structure making� factors.27 The
constitutional descriptors used in this work are averaged
physical properties, number of atoms, groups of atoms,
and functional groups (Table 4). In addition, some atom
centered fragments (Table 5) were accounted for taking
a more precise description of molecules.

Contrary to the constitutional descriptors, the 2D
descriptors integrate the molecular information.28 They
are graph theoretical indexes that are based on the topo-
logical properties of a molecule viewed as a graph29
without taking into account the conformations. In this
work two kinds of 2D descriptors were used: autocorre-
lation vectors and BCUT descriptors.
The autocorrelation vectors represent the degree of sim-
ilarity between molecules. H-depleted molecular struc-
ture is represented as a graph G and physico-chemical
properties of atoms as real values assigned to the verti-
ces 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 spa-
tial lag in G. Three spatial autocorrelation vectors were
employed for modeling the inhibitory activity:

Moran�s indexes30

Iðpk; lÞ ¼
N
2L

P
ij
dijðpki � �pkÞðpkj � �pkÞP

i
ðpki � �pkÞ

; ð1Þ

Geary�s coefficients31

cðpk; lÞ ¼
ðN � 1Þ

4L

P
ij
dijðpki � �pkÞðpkj � �pkÞP

i
ðpki � �pkÞ

; ð2Þ

and Broto-Moreau�s autocorrelation coefficients32

Aðpk; lÞ ¼
X
i

dijpki pkj; ð3Þ



Table 3. Structural features of cyclic urea derivatives (compounds 31–55)

N N

R1

O

OH OH

NH
N

R2
R3

R4

R2
R3

R4

R

Experimental and predicted Ki and IC90 by multilinear regression analysis and artificial neural network models

Compounda log (106/Ki (nM)) log (106/IC90 (nM))

Experimental MLR ANN2 Experimental MLR ANN2b

31 (DMP850) R = NH2; R1 = benzyl; R2 = R3 = R4 = H 7.51 7.12 7.46 4.21 4.22 4.42

32 (DMP851) R = NH2; R1 = n-butyl; R2 = R3 = R4 = H 7.68 7.67 7.47 4.25 3.83 4.04

33 (SE063) R = R2 = R3 = R4 = H; R1 = 3-aminobenzyl 7.52 7.00 7.33 4.96 4.24 4.40

34 R = NH2; R1 = cyclopropylmethyl; R2 = R3 = R4 = H 7.70 7.37 7.75 3.94 3.94 4.14

35 R = NH2; R1 = cyclobutylmethyl; R2 = R3 = R4 = H 7.80 7.41 7.73 4.74 4.31 4.45

36 R = NH2; R1 = n-pentyl; R2 = R3 = R4 = H 7.39 7.18 7.23 3.69 3.85 3.82

37 R = NH2; R1 = n-hexyl; R2 = R3 = R4 = H 6.89 7.47 7.36 3.12 4.02 3.82

38 R = NH2; R1 = naphthylmethyl; R2 = R3 = R4 = H 7.64 7.15 6.98 4.64 5.22 4.57

39 R = 2-thienyl; R1 = 3-aminobenzyl; R2 = R3 = R4 = H 6.74 6.88 6.91 4.51 4.38 4.41

40 R = 3-thienyl; R1 = 3-aminobenzyl; R2 = R3 = R4 = H 6.89 6.85 6.99 4.49 4.22 4.39

41 R = 3-pyrazole; R1 = 3-aminobenzyl; R2 = R3 = R4 = H 7.24 7.62 7.63 3.97 4.06 3.73

42 R = 4-fluorophenyl; R1 = 3-aminobenzyl; R2 = R3 = R4 = H 6.52 6.69 6.58 4.41 4.33 4.47

43 R = 3-trifluoromethylphenyl; R1 = 3-aminobenzyl; R2 = R3 = R4 = H 6.21 6.39 6.44 4.41 4.15 4.10

44 R = 4-trifluoromethylphenyl; R1 = 3-aminobenzyl; R2 = R3 = R4 = H 6.60 6.70 6.46 3.59 3.96 4.01

45 R = 3-aminophenyl; R1 = 3-aminobenzyl; R2 = R3 = R4 = H 7.05 6.93 7.44 4.52 4.72 4.64

46 R = 3-methoxyphenyl; R1 = 3-aminobenzyl; R2 = R3 = R4 = H 6.62 6.77 6.43 4.48 4.66 4.64

47 R = 4-methoxyphenyl; R1 = 3-aminobenzyl; R2 = R3 = R4 = H 6.59 6.53 6.44 4.85 5.11 4.66

48 R = NH2; R1 = benzyl; R2 = R4 = H; R3 = CH3 7.33 7.47 7.22 4.92 4.99 4.50

49 R = NH2; R1 = benzyl; R3 = R4 = H; R2 = CH3 7.21 6.97 7.14 4.60 4.48 4.72

50 R = NH2; R1 = benzyl; R2 = R4 = H; R3 = CH2CH3 7.14 6.84 6.98 4.72 4.93 4.74

51 R = NH2; R1 = benzyl; R2 = R4 = CH3; R3 = H 6.70 6.49 6.55 4.30 4.32 4.31

52 R = NH2; R1 = n-butyl; R2 = R4 = H; R3 = CH3 7.43 8.00 7.59 4.92 4.79 4.62

53 R = NH2; R1 = n-butyl; R3 = R4 = H; R2 = CH3 7.35 7.48 7.06 4.51 4.28 4.80

54 R = NH2; R1 = n-butyl; R2 = R4 = H; R3 = CH2CH3 7.03 7.35 7.29 5.00 4.78 4.85

55 R = NH2; R1 = n-butyl; R2 = R4=CH3; R3 = H 6.72 6.97 6.29 4.18 4.16 4.54

a Compounds 31, 32, and 34-38 are from Ref. 20; 33,39–47 are from Ref. 23 and 48–55 are from reference 24.
bModel considering compound 19 as an outlier.
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where I (pk, l), c (pk, l), andA (pk, l) are Moran�s index,
Geary�s coefficient, and Broto-Moreau�s autocorrelation
coefficient at spatial lag l, respectively; pki and pkj are the
values of property k of atom i and j, respectively; �pk is
the average value of property k and d (l,dij) is a Dirac-
delta function defined as

dðl; dijÞ ¼
1 if dij ¼ l

0 if dij 6¼ l

� �
; ð4Þ

where dij is the topological distance or spatial lag be-
tween atoms i and j.
BCUT descriptors are derived from Burden�s matrix,
which represents the hydrogen-suppressed connection
table of a molecule as a symmetrical N · N matrix with
atomic numbers along the diagonal and bonding infor-
mation in the off-diagonal elements.33
BCUTs are highly compact indexes that keep the
molecular information by solving the eigenvalue
equation

½B�½V � ¼ ½V �½e�; ð5Þ



Table 4. Constitutional descriptors

Averaged physical properties

MW Molecular weight

AMW Average molecular weight

Sv Sum of atomic van der Waals volumes (scaled on carbon atoms)

Se Sum of atomic Sanderson electronegativities (scaled on carbon atoms)

Sp Sum of atomic polarizabilities (scaled on carbon atoms)

Ss Sum of Kier–Hall electrotopological states

Mv Mean atomic van der Waals volume (scaled on carbon atoms)

Me Mean atomic Sanderson electronegativity (scaled on carbon atoms)

Mp Mean atomic polarizability (scaled on carbon atoms)

Ms Mean electrotopological state

Atoms and groups of atoms

nAT Number of atoms

nSK Number of non-H atoms

nBT Number of bonds

nBO Number of non-H bonds

nBM Number of multiple bonds

SCBO Sum of conventional bond orders (H depleted)

nCIC Number of rings

nCIR Number of circuits

RBN Number of rotatable bonds

RBF Rotatable bond fraction

nDB Number of double bonds

nAB Number of aromatic bonds

nH Number of Hydrogen atoms

nC Number of Carbon atoms

nN Number of Nitrogen atoms

nO Number of Oxygen atoms

nS Number of Sulphur atoms

nF Number of Fluorine atoms

nR03 Number of 3-member rings

nR04 Number of 4-member rings

nR05 Number of 5-member rings

nR06 Number of 6-member rings

nR07 Number of 7-member rings

nR08 Number of 8-member rings

nR09 Number of 9-member rings

nR10 Number of 10-member rings

nBnz Number of benzene-like rings

Functional groups

nCp Number of total primary C(sp3)

nCs Number of total secondary C(sp3)

nCt Number of total tertiary C(sp3)

nCq Number of total quaternary C(sp3)

nCrH2 Number of ring secondary C(sp3)

nCrHR Number of ring tertiary C(sp3)

nCaH Number of unsubstituted aromatic C(sp2)

nCaR Number of substituted aromatic C(sp2)

nCONHRPh Number of secondary amides (aromatic)

nCONN Number of urea derivatives

nNH2Ph Number of primary amines (aromatic)

nNHR Number of secondary amines (aliphatic)

nNR2 Number of tertiary amines (aliphatic)

nNR2Ph Number of tertiary amines (aromatic)

nN = N Number of N azo (aliphatic)

nOH Number of total hydroxyl groups

nOHPh Number of phenols

nOHp Number of primary alcohols (aliphatic)

nOHs Number of secondary alcohols (aliphatic)

nROR Number of ethers (aliphatic)

nRORPh Number of ethers (aromatic)

nRSR Number of sulphurs

nCF3 Number of CF3 groups

nPhHal Number of halogens on aromatic rings

nHDon Number of donor atoms for H-bonds (with N and O)

nHAcc Number of acceptor atoms for H-bonds (N O F)
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Table 6. Representation of different molecular graphs G and topological distances or spatial lags dij

i j

i

j j

i

j

i

j

i

ji

ij=1 dij=1 dij=2 dij=2 dij=3 dij=4

Table 5. Atom centered fragmentsa
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a Accounted atoms are in bold. Dashed lines represent bonds in aromatic rings. R represent aliphatic residues. Ar represent aromatic residues. X

represent no-C atoms. C0X are only C or H substituted carbons, C1X are one X substituted carbons, and C2X are two X substituted carbons.
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where [B] is a symmetric connectivity matrix, [V] is a
matrix of eigenvectors, and [e] is a diagonal matrix of
eigenvalues. BCUT descriptors are the smallest and
highest eigenvalues taken to the matrix [e]. The eigen-
vectors have coefficients belonging to every atom, so
eigenvalues reflect the topology of the whole molecule.
For the above process several [B] matrices are defined,
which contain significant atomic properties on their
diagonals.

As can be seen, 2D descriptors are 2D-dimensional
chemistry spaces with the ability of integrating molecu-
lar information in defined arrays. In our work atomic
masses, polarizabilities, van der Waals volumes, and
Sanderson electronegativities are the relevant atomic
properties related to 2D descriptors (k terms in autocor-
relation vectors and Burden�s matrix diagonal terms).
Dragon34 computer software was used for calculating
all descriptors used. Autocorrelation vectors were calcu-
lated at spatial lags l ranging from 1 up to 8 and BCUT
descriptors were considered for the eight lowest and
highest eigenvalues.

The total number of computed descriptors was 268.
Descriptors that stayed constant or almost constant
were eliminated and pairs of variables with a correlation



286 M. Fernández, J. Caballero / Bioorg. Med. Chem. 14 (2006) 280–294
coefficient greater than 0.95 were classified as intercorre-
lated, and only one of these was included in the model.
Finally, 108 descriptors were obtained.

2.3. Variable selections

Since 108 molecular descriptors are available for QSAR
analysis and only a subset of them is statistically signif-
icant in terms of correlation with biological activities,
deriving an optimal QSAR model through variable
selection needs to be addressed. Following the principle
of parsimony,35 we selected just the variables that con-
tain the information that is necessary for the modeling
but nothing more. In this sense, linear and non-linear
GA searches have been carried out in order to build
the linear and non-linear models.

GAs are governed by biological evolution rules.36 They
are stochastic optimization methods that have been in-
spired by evolutionary principles. The distinctive aspect
of a GA is that it investigates many possible solutions
simultaneously, each of which explores different regions
in parameter space.37 The first step is to create a popula-
tion of N individuals. Each individual encodes the same
number of randomly chosen descriptors. The fitness of
each individual in this generation is determined. In the
second step, a fraction of children of the next generation
is produced by crossover (crossover children) and the rest
by mutation (mutation children) from the parents on the
basis of their scaled fitness scores. The new offspring con-
tains characteristics from two or one of its parents.

GA implemented in this paper is a version of the So and
Karplus report38 andwas programmedwithin theMatlab
environment using genetic algorithm and neural network
toolboxes.39 We also included elitism which protects the
fittest individual in any given generation from crossover
or mutation during reproduction. The genetic content
of this individual simply moves on to the next generation
intact. This selection, crossover, and mutation processes
are repeated until all of the N parents in the population
are replaced by their children. The fitness score of each
member of this new generation is again evaluated and
the reproductive cycle is continued until a 90% of the gen-
erations showed the same target fitness score.

Linear GA search was carried out exploring MLR mod-
els. In turn, neural network feature selection procedures
that extract non-linear information from the data set
were employed for data dimensionality reduction before
network training.40 Linear and non-linear models were
generated between the activities (log (106/Ki) and
log (106/IC90)) and the respective selected molecular
descriptors. The quality of each model was proven by
the square multiple correlation coefficient (R2) and the
standard deviation (S). Models with R-values higher
than 0.80 were selected and they were tested in cross-val-
idation experiments.

2.4. Regularized-artificial neural networks

In contrast to common statistical methods, artificial
neural networks (ANNs) are not restricted to linear
correlations or linear subspaces.41 They can take into ac-
count non-linear structures and structures of arbitrarily
shaped clusters or curved manifolds. As biological phe-
nomena are considered non-linear by nature, ANN tech-
nique was applied in order to discover the possible
existence of non-linear relationships between activity
and molecular descriptors that are ignored for the linear
approach.42

ANNs are computer-based models in which a number of
processing elements, also called neurons, units, or nodes
are interconnected by links in a netlike structure forming
‘‘layers.’’ A variable value is assigned to every neuron.
The neurons can be one of three different kinds. The in-
put neurons receive their values from independent vari-
ables and they constitute the input layer. The hidden
neurons collect values from other neurons, giving a result
that is passed 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–O, where I, H, and O are the number of neurons
in the input, hidden, and output layers, respectively.

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. For this, a non-linear transfer function
relates the input parameters with the outputs. Common-
ly neural networks are adjusted, or trained, so that a
particular input leads to a specific target output.

The characteristics of the ANNs have been found to be
suitable for data processing, in which the functional
relationship between the input and the output is not pre-
viously defined. This is due to the fact that structure–
activity relationships are often non-linear and very com-
plex, and neural networks are able to approximate any
kind of analytical continuous function, according to
Kolmogorov�s theorem.43

When parameters (weights and biases) increase, network
loses its ability to generalize. Error on the training set is
driven to a very small value, but when new data are pre-
sented to the network the error is large. Network has
memorized the training examples, but it has not learned
to generalize to new situations, it means network over-
fits the data.

Typically, training aims to reduce the sum of squared
errors F = ED. Regularization involves modifying the
performance function (F). It is possible to improve gen-
eralization if an additional term is adding

F ¼ bED þ aEW; ð6Þ
where EW is the sum of squares of the network weights
and biases, and a 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 reg-
ularization automatically sets the correct values for the
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objective function parameters,44 in this sense the regu-
larization is optimized. In the Bayesian framework, the
weights of the network are considered random vari-
ables. After the data are taken, the density function
for the weights can be updated according to Bayes�
rule

P ðwjD; a; b;MÞ ¼ P ðDjw; b;MÞ � P ðwja;MÞ
P ðDja; b;MÞ ; ð7Þ

where D represents the data set, M is the particular neu-
ral network model used, and w is the vector of network
weights. P (w|D,a,b,M) is the posterior probability, that
is the plausibility of a weight distribution considering
the information of the data set in the model used.
P (w|a,M) is the prior density, which represents our
knowledge of the weights before any data are collected.
P (D|w,b,M) is the likelihood function, which is the
probability of the data occurring, given the weights.
P (D|a,b,M) is a normalization factor, which guarantees
that the total probability is 1.

Considering that the noise in the training set data is
Gaussian and that the prior distribution for the weights
is Gaussian, the posterior probability fulfills the relation

PðwjD; a; b;MÞ ¼ 1

ZF
expð�F Þ; ð8Þ

where ZF depends on objective function parameters. So
under this framework, minimization of F is identical to
find the (locally) most probable parameters.

Bayesian regularization overcomes the remaining defi-
ciencies of neural networks.45 Bayesian methods pro-
duce models that are robust and able to comprise
complex relations. No test or validation sets are in-
volved so that all available training data can be devot-
ed to the model and the potentially lengthy validation
process can be avoided. At the end of training, ANN
has optimal generalization qualities. The Bayesian
neural net has the potential to give models which are
relatively independent of neural network architecture,
above a minimum architecture, and the Bayesian regu-
larization method estimates the number of effective
parameters.

Our Bayesian regularized ANN are classical back-prop-
agation neural nets that incorporate the Bayesian regu-
larization algorithm for finding the optimum weights.
The Bayesian regularization takes place within the
Levenberg–Marquardt algorithm46 implemented in
Matlab environment.39 The initial value for l was
0.005 with decrease and increase factors of 0.1 and 10,
respectively. The training was stopped when l became
larger than 1010.

We used the following architecture:

• Input layer included the selected descriptors (four
descriptors).

• One hidden layer with sigmoid transfer function was
included. Hidden layer�s architecture was varied from
2 to 4 neurons.
• Output layer had a linear transfer function and one
neuron, representing the modeled activity (Ki or
IC90).

The input and output values were normalized.

2.5. Self-organizing maps

Often, cluster analysis is used to justify a chemistry
space: if compounds with similar biological behavior
cluster together in the proposed space, then it seems rea-
sonable to conclude that the chemistry space is good. In
order to settle structural similarities among the cyclic
urea derivatives, self-organizing maps (SOM) were built
for both activities. The selected descriptors in each mod-
el were used for unsupervised training of 9 · 9 neuron
maps. Kohonen47 introduced a neural network model
that generates a SOM. Neurons are arranged in a 2D
network. Molecules characterized by m descriptors are
projected into this network. With m > n a Kohonen net-
work can be used to project a higher-dimensional space
into a lower dimensional space.48 Such maps of surface
properties have been used for comparing a wide variety
of biologically active compounds.49

outcs  min
Xm
i¼1

xsi � wji

� �2" #
ð9Þ

Kohonen network is training using an unsupervised and
competitive learning process. In our case a molecule s,
characterized by m descriptors, xsi, will be projected into
that (central) neuron, cs, that has weights, wji, most sim-
ilar to the input variables (Eq. 9). During the learning
process, weights of the neurons in the network are chan-
ged to make them even more similar to the input vari-
ables. The weights of all neurons are adjusted but to
an extent that decreases with increasing distance from
the central, winning neuron, cs. Finally, a molecule is
projected into that neuron of the network with weights
that come closest to the description of the molecule by
the autocorrelation vector.

It should be noticed that the criterion embedded in Eq. 9
for determining the winning neuron for a molecule basi-
cally constitutes the measure determining the similarity
of molecular structures. Molecules with similar autocor-
relation vectors, Xs, are projected into the same or close-
ly adjacent neurons. SOM were implemented in Matlab
environment,39 neurons were initially located at a grid
topology. The ordering phase was developed in 1000
steps with 0.9 learning rate until tuning neighborhood
distance (1.0) was achieved. The tuning phase learning
rate was 0.02. Training was performed for a period of
2000 epochs in an unsupervised manner.

2.6. Model validation

The reliability of the models was indicated by cross-
validation experiments quantified with predictive Q2.
For leave one out (LOO) cross-validation a data point
is removed (left-out) from the set, and the model refit-
ted; the predicted value for that point is then compared
to its actual value. This is repeated until each datum has
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been omitted once; the sum of squares of these deletion
residuals can then be used to calculate Q2, an equivalent
statistic to R2.

Q2 ¼ 1�
PN

i¼1ðY i � AiÞ2PN
i¼1ðY i � AiÞ2

; ð10Þ

where N is the number of compounds, Yi and Ai are the
predicted and experimental biological activities of i left-
out compound, respectively, and Ai is the average exper-
imental activity of left-in compounds different to i.

In addition to the traditional LOO cross-validation,
leave-five-out (L5O) cross-validations were also per-
formed, where in each experiment the objects were left
out randomly. In this case, the results were reported as
the averaged Q2 of 20 replies.

The Q2 values can be considered a measure of the
predictive power of a model: whereas r2 can always be
increased artificially by adding more parameters
(descriptors or neurons), Q2 decreases if a model is over-
parameterized,35 and is therefore a more meaningful
summary statistic for predictive models.
3. Results and discussion

3.1. Multiple linear regression approach

Although inhibition of HIV-1 protease is generally par-
alleled by a reduced rate of HIV replication in cell cul-
ture, the correlation between inhibition constants (Ki)
and inhibition of HIV replication is in fact rather poor
(Fig. 1).

In a first approach, a MLR model for inhibitory activi-
ties of cyclic urea derivatives against HIV-1 protease
was carried out with acceptable statistic significance
and predictive power (Eq. 11). We chose the best four-
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Figure 1. Correlation between inhibition of HIV-1 protease (Ki) and

inhibition of HIV replication (IC90).
variable model as the most reliable linear relationship
between the calculated descriptors and the HIV-1 prote-
ase inhibitory activity. The best three-variable model has
a poor predictive power and the best five-variable model
kept the precedent variables and introduced a variable
which does not contribute to increase the predictive
power of the model (Table 7).

logð106=K iÞ ¼ �0:055� nC þ 0:413� nN þ 7:114

�GATS6v� 8:493�GATS7v

þ 8:653; ð11Þ

N ¼ 55 R ¼ 0:862 S ¼ 0:373 p < 10�5;

Q2
LOO ¼ 0:510 SCV LOO ¼ 0:443

Q2
L5O ¼ 0:521 SCV L5O ¼ 0:423:

In Eq. 11, N is the number of compounds included in the
model, R is the correlation coefficient, S is the standard
deviation of the regression, p is the significance of the
variables in the model, Q2

LOO and SCV LOO are the corre-
lation coefficient and standard deviation of the LOO
cross-validation, respectively, and Q2

L5O and SCV L5O

are the correlation coefficient and standard deviation
of the L5O cross-validation, respectively. There is no
significant intercorrelation between the linear GA select-
ed descriptors, as it is seen in Table 8.

Inhibitory activities (Ki) of the cyclic urea derivatives
predicted by the linear model appear in Tables 1–3. This
model is able to explain about 74% data variance and
more important it is quite stable to the inclusion–exclu-
sion of compounds as measured by LOO and L5O cor-
relation coefficients (Q2 > 0.5).50 Two constitutional
descriptors appear in the model corresponding to the
number of carbons and nitrogens present in the molecu-
lar structure. In addition, two Geary�s spatial autocorre-
lation coefficients weighted by atomic van der Waals
volumes complete the model. These autocorrelation
descriptors represent the degree of similarity between
inhibitor molecules based on this atomic property at
spatial lags 6 and 7, respectively.
On the other hand, the best linear model of the inhibi-
tion of HIV replication (IC90) is unable to predict the
activity of unknown compounds according to its Q2

values lower than 0.5 (Table 7; Eq. 12).

logð106=IC90Þ ¼ �2:717� BELm8þ 42:584

� BELv3þ 12:712�MATS5e

þ 3:599�GATS6v� 78:640; ð12Þ

N ¼ 55 R ¼ 0:817 S ¼ 0:406 p < 10�5;

Q2
LOO ¼ 0:392 SCV LOO ¼ 0:449

Q2
L5O ¼ 0:405 SCV L5O ¼ 0:427:



Table 8. Correlation matrices of the descriptors selected by linear and non-linear GA

nC nN GATS6v GATS7v

Linear GA Ki

nC 1

nN 0.539 1

GATS6v 0.159 0.215 1

GATS7v 0.163 0.091 0.022 1

nC nN BEHv5 GATS6v

Non-linear GA Ki

nC 1

nN 0.539 1

BEHv5 0.559 0.303 1

GATS6v 0.159 0.215 0.188 1

BELm8 BELv3 MATS5e GATS6v

Linear GA IC90

BELm8 1

BELv3 0.386 1

MATS5e 0.131 0.444 1

GATS6v 0.097 0.396 0.338 1

nR05 BELm3 MATS7m C11

Non-linear GA IC90

nR05 1

BELm3 0.278 1

MATS7m 0.281 0.038 1

C11 0.067 0.099 0.000 1

Table 7. Descriptors and statistics for MLR and ANN modelsa

Models Variablesb n R S p LOO L5Oc

Q2 SCV Q2 SCV

log(106/Ki)

MLR3 nC, nN, MATS6v 55 0.795 0.441 <10�5 0.249 0.487 — —

MLR4 nC, nN, GATS6v, GATS7v 55 0.862 0.373 <10�5 0.510 0.443 0.521 0.423

MLR5 nC, nN, GATS6v, GATS7v, H1 55 0.877 0.357 <10�5 0.503 0.449 — —

ANN1-Ki nC, nN, GATS6v, GATS7v 55 0.917 0.280 <10�5 0.592 0.398 0.568 0.431

ANN2-Ki nC, nN, BEHv5, GATS6v 55 0.932 0.254 <10�5 0.703 0.343 0.702 0.345

ANN2-Ki nBnz, BEHm2, MATS6v, MATS1e, GATS5e 55 0.957 0.243 <10�5 0.701 0.336 — —

log(106/IC90)

MLR3 BELm8, BELv3, MATS5e 55 0.792 0.426 <10�5 0.303 0.445 — —

MLR4 BELm8, BELv3, MATS5e, GATS6v 55 0.817 0.406 <10�5 0.392 0.449 0.405 0.427

MLR5 BELm8, BELv3, MATS5e, GATS6v, C4 55 0.832 0.394 <10�5 0.389 0.458 — —

ANN1-IC90 BELm8, BELv3, MATS5e, GATS6v 55 0.864 0.339 <10�5 0.406 0.420 0.430 0.423

ANN2-IC90 nR05, C11, BELm3, MATS7m 54 0.891 0.301 < 10�5 0.568 0.377 0.548 0.385

ANN2-IC90 BELm3, MATS3v, MATS1e, GATS2e, nNR2 54 0.903 0.297 <10�5 0.566 0.407 — —

aThe best Ki and IC90 predictors appear in boldface.
b Variable definitions: nC, number of carbon atoms; nN, number of nitrogen atoms; nBnz, number of benzene-like rings; nR05, number of 5-member

rings; nNR2, number of tertiary amines (aliphatic); C4, C11, H1, atom centered fragment (Table 5); MATS7m, Moran autocorrelation of lag 7

weighted by atomic masses; MATS3v and MATS6v, Moran autocorrelation of lag 3 and 6 weighted by atomic van der Waals volumes; MATS1e

and MATS5e, Moran autocorrelation of lag 1 and 5 weighted by atomic Sanderson electronegativities; GATS6v and GATS7v, Geary autocor-

relation of lag 6 and 7 weighted by atomic van der Waals volumes; GATS2e and GATS5e, Geary autocorrelation of lag 2 and 5 weighted by atomic

Sanderson electronegativities; BEHm2, highest eigenvalue n. 2 of Burden matrix weighted by atomic masses; BEHv5, highest eigenvalue n. 5 of

Burden matrix weighted by atomic van der Waals volumes; BELm3 and BELm8, lowest eigenvalue n. 3 and 8 of Burden matrix weighted by atomic

masses; BELv3, lowest eigenvalue n. 3 of Burden matrix weighted by atomic van der Waals volumes.
c Average from 20 cross-validation experiments.
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3.2. Artificial neural network approach

Since biological interactions are non-linear by nature; the
main goal of this work was to train ANNs for modeling
anti-HIV activities of cyclic urea derivatives. In our
approach ANNs architecture was varied testing different
quantitiesofhiddenlayers.Forbothactivitiesstudiedhere,
results were stable because the Bayesian regularization
avoids overfitting, so the 4-2-1 architecture was chosen.

Two non-linear models were built for both Ki and IC90

anti-HIV activities. ANN1 models were generated using
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the descriptors that appeared in the MLR model as net-
work inputs. On the other hand, ANN2 models were
generated by non-linear GA (see Section 2).

The descriptors and statistics for ANN1 and ANN2
models are depicted in Table 7; in turn, the adjusted
parameters for each model are reported in Table 9. Both
ANN1 statistics reveal that neural network approaches
improve the results for linear models. Both ANN1 mod-
els are better in terms of fitness and predictive capacity;
however, non-linear GA allows finding better predic-
tors; in fact, ANN2 models show the best results in both
activities examining the predictions in Tables 1–3 and
the statistics in Table 7. Similar to the variables selected
by linear GA, there is no significant intercorrelation be-
tween the non-linear selected descriptors for Ki and IC90

modeling, as it is seen in Table 8.

For Ki modeling ANN2-Ki have nearly the same vari-
ables that are in the linear model: nC, nN and GATS6v
Table 9. Adjusted artificial neural network parametersa

I 

H 

I

I 

I 

H 

B 1 

Weightsb j = 1

ANN1-Ki w (i, j) I–H i = 1 �1.03
i = 2 0.17

w (i, j) H–O i = 1 0.85

w (i, j) B–H i = 1 0.57

i = 2 �0.50
w (i, j) B–O i = 1 �0.81

ANN2-Ki w (i, j) I–H i = 1 �0.23
i = 2 �1.57

w (i, j) H–O i = 1 �2.93
w (i, j) B–H i = 1 0.13

i = 2 0.18

w (i, j) B–O i = 1 0.09

ANN1-IC90 w (i, j) I–H i = 1 0.70

i = 2 �0.49
w (i, j) H–O i = 1 �1.44
w (i, j) B–H i = 1 �0.46

i = 2 �0.11
w (i, j) B–O i = 1 �0.48

ANN2-IC90 w (i, j) I–H i = 1 0.66

i = 2 �0.67
w (i, j) H–O i = 1 �1.58
w (i, j) B–H i = 1 �1.70

i = 2 �0.12
w (i, j) B–O i = 1 �1.05

I, neurons in the input layer; H, neurons in hidden layer; O, neurons in out
aWeights derived from training process. Inputs and outputs were normalize
bWeights are represented by w (i, j) where i is the posterior neuron and j is t
are common, but the Geary atomic van der Waals
volume term GATS7v is substituted for the BCUT
descriptor BEHv5. An outstanding aspect is that both
descriptors encode the same atomic properties in two
different 2D-spaces. Furthermore, the changed descrip-
tor fits the activity in a non-linear form, but the same
replacement in the linear model thoroughly deteriorate
the correlation and predictive capacity (R = 0.797;
Q2

LOO ¼ 0:266) of the predictor. The biggest success of
model ANN2-Ki is that it reaches the highest predictive
power ðQ2

LOO ¼ 0:703; Q2
L5O ¼ 0:702Þ.

ANN2-IC90 model for IC90 is wholly different to the lin-
ear analogue (Table 7). The four variables included are
the number of five-member rings (nR05), the number
of carbon substituted aromatic carbons (C11), and two
atomic mass weighted 2D descriptors (BELm3 and
MATS7m). When the 55 cyclic urea derivatives were
included in the model, Q2

LOO value was 0.481. ANN2-
IC90 was more predictive, but not enough according
O 

j = 2 j = 3 j = 4

87 1.4634 �0.5002 �0.1488
03 �0.5508 �0.6341 0.2241

41 �1.4059
54

54

12

52 0.5103 �0.3265 �0.4868
20 2.4143 �0.6392 �0.9946
90 1.6974

92

91

62

41 �1.4024 �0.5427 �0.3896
76 �0.5110 �0.5069 0.2666

39 �0.4336
87

12

78

46 �1.5015 �0.4003 �0.7477
88 0.6667 0.4895 0.5550

13 �0.9370
32

66

84

put layer; B, bias.

d before training.

he prior neuron.
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Figure 2. Kohonen SOM for the data set using descriptors from

ANN2 models. Squares and circles represent neurons and compounds

respectively. Circles at right decode the ranges of inhibitory activities

(log106/IC50). (a) Ki; (b) IC90.
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to the extended criteria (Q2 > 0.5).50 The five-variable
model was searched, but an additional descriptor did
not introduce a significant improvement in the predic-
tive capacity. The analysis of possible outliers showed
that the compound 19 had a large residual (>3S), when
was predicted through ANN2-IC90 model. Finally, the
ANN2-IC90 model without the compound 19 was the
best approximation to the prediction of IC90 values. It
was able to describe about 79% of data variance. More-
over, the ANN-IC90 was able to predict the inhibitory
activity of unknown compounds with acceptable accura-
cy ðQ2

LOO ¼ 0:568; Q2
L5O ¼ 0:548Þ.

According to results reported here, the quality of our
linear and non-linear Ki models was superior to IC90

models. The attempt to find a predictive QSAR model
including all data set for predicting the antiviral activity
was possible excluding an outlier and the consequent
ANN model is less predictive than models developed
for Ki prediction. We ascribe this difference to the com-
plexity of both activities. Protease inhibition assays
bring the measure of enzyme–inhibitor interactions;
meanwhile, the antiviral assays also measure the perme-
ation of the compounds through cell membranes. Both
processes are independent and can implicate conforma-
tional changes in cyclic urea derivatives. Since the anti-
viral activity encompasses a more complex process, it is
expected that the establishment of a relationship among
molecular information and IC90 must be more difficult.
Since constitutional and 2D descriptors ignore the con-
formational flexibility of the molecular structures, we
think that they do not contain sufficing information
for describing the antiviral activity.

3.3. Kohonen self-organizing map

Variables selected in ANN2 models were used to obtain
SOMs of both inhibition of HIV-1 protease (Ki) and
inhibition of HIV replication (IC90) by cyclic urea deriv-
atives. In a self-organizing neural network, if two input
data vectors are similar, they will be mapped into the
same neuron or into neurons close together in the 2D
map. We built 9 · 9 Kohonen SOMs.

Figure 2a depicts SOM map for HIV-1 protease inhibi-
tion (Ki). 44 of a total of 81 neurons were occupied. Nine
neurons were shared for two or more compounds at the
same time and five neurons are classified as conflictive
taking into account the selected boundary conditions.
As it is observed, compounds with a similar range of
activities were grouped into neighboring areas. Note-
worthy, cyclic urea derivatives with high inhibitory
activities were placed in adjacent highly active neurons
at the upper-right zone and outstretched across the cen-
ter of the map. On the other hand, the less active deriv-
atives were placed at adjacent lowly active neurons
through the whole left and the lower right area.

The SOM for HIV replications (IC90) is showed in Fig-
ure 2b. 36 of a total of 81 neurons were occupied. Six-
teen neurons were occupied by two or more
compounds at the same time and ten neurons are classi-
fied as conflictive taking into account the selected
boundary conditions. The set of variables included in
the IC90 model is less effective in the non-linear Koho-
nen�s space. However, several clusters are well defined.
The more active compounds are grouped fundamentally
at the right and the less active ones are at the upper left.

Since the SOM can be used in order to display the non-
linear relationship among data, visual inspection of the
map allowed us to identify outlier�s neighbourhood. In
this sense, we analyzed the location of the compound
19, which was defined as outlier in previous IC90 ANN
modeling. Compound 19 is structurally related to inhib-
itors represented in Table 2 (18–30), but its antiviral
activity is extremely low. The SOM for HIV replications
(IC90) (Fig. 2b) shows that compound 19 (log (106/
IC90) = 3.24) is narrowly connected to most active com-
pounds 20 (log (106/IC90) = 4.23) and 21 (log (106/
IC90) = 4.07), which provide an explanation of why this
outlier is not predicted well.

Complex relations are established in the whole data set
considering both activities. Actual clustering analysis
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shows that there are several groups among the most and
less active compounds. Pointing in that way, a QSAR
model is an attempt to enclose this complex nature in
a simple predictive mathematic model.

3.4. Models� interpretation

In a recent work, Garg and Bhhatarai17 studied the
effect of hydrophobicity in Ki and IC90 activities of
3-aminoindazole cyclic urea HIV-1 protease inhibitors
(analogues of compounds in Table 3) using a linear
comparative QSAR. This study evidenced linear depen-
dences between hydrophobicity and the biological activ-
ities of the studied compounds, although only statistical
significant models could be developed for small data
sets with high degree of structural similarity. In addi-
tion, they built a linear model for IC90 comprising the
non-linear effect of C logP that included eight com-
pounds with a sufficient wide range of this physical–
chemical parameter (Eq. 28, Ref. 17). In this connec-
tion, a parabolic relationship between IC90 and the cal-
culated partition coefficient in octanol/water (C logP)
and, consequently, the existence of an interesting opti-
mum ClogP value were reported. The most comprehen-
sive models were able to include only about 27 and 28
compounds (Eqs. 25 and 26, Ref. 17), but without con-
sidering non-linear effects of the descriptors. However,
in a more recent comparative QSAR report of such
authors on HIV-1 protease inhibition by 4-hydroxy-
5,6-dihydropyran-2-ones,51 they were able to report a
comprehensive linear model for IC50 including 57 com-
pounds and considering the parabolic influence of
C logP. From our point of view, these facts strongly
suggest that the inhibition of HIV-1 protease by 3-
aminoindazole cyclic urea derivatives is rather more
complex than inhibition by other chemicals. In this
sense, obtaining a statistically significant predictive
model, as comprehensive as possible, could be only
accomplished inside the ANN framework and searching
the relevant structural information among a sufficient
varied pool of molecular descriptors.

In our work, the relevant structural information was
extracted by means of an exhaustive GA-based search
on a pool of 108 descriptors and is contained in the most
relevant selected descriptors. This led to a gatherer mod-
el, in comparison with the previously reported for Garg
and Bhhatarai,17 able to integrate all the compounds in
a unique relationship. In our case, if the C logP term or
other molecular property is explicitly used, the QSAR
models cannot comprise the whole data set and many
compounds should be left out of the analysis. In fact,
Garg and Bhhatarai studied the antiviral activity of 35
3-aminoindazole cyclic urea derivatives by means of a
comparative QSAR, when they attempt to create a com-
prehensive model, found 8 compounds as outliers. How-
ever, by means of GA search, we found one model able
to find a relation that includes 54 inhibitors. Consider-
ing the prior works, modeling inhibition of HIV-1 pro-
tease (Ki) and inhibition of HIV replication (IC90) of
cyclic urea derivatives (Refs. 15,17), our report is the
first including more than 30 inhibitors in a uniquely pre-
dictive model.
Our results corroborated that the employment of 2D
descriptors is extremely useful in QSAR studies giving
simple correlations between the molecular structures
and biological activities.52,53 Multiple regression analy-
sis is often employed in such studies in the hope that it
might point to structural factors that influence a partic-
ular property. They may be viewed in terms of associa-
tion of activity information content with the structural
fragments. However, the interpretation of the informa-
tion content of these descriptors is very complex as their
computations involve integration of the structural frag-
ments and due to this it is impossible to traverse back-
ward from a higher state to a lower one.

As it is indicated in the achieved non-linear model
ANN2-Ki, the number of carbons and nitrogens on
the inhibitor molecule as well as the spatial distribution
of atomic van der Waals volumes are the most relevant
factors for the inhibitory activity of the cyclic urea deriv-
atives. The HIV-1 protease has a homodimeric symmet-
ric structure and each monomer contributes one
catalytic aspartic residue and flexible flap, which is able
to bind the substrates and inhibitors.54 Cyclic ureas
incorporate the hydrogen-bonding equivalents of an en-
zyme-bound water molecule into a low-molecular
weight, conformationally rigid, seven-member ring sys-
tem. This structure permits optimal interaction of sub-
stituents with corresponding S1, S1 0, S2, and S2 0

pockets in the active site of the HIV-1 protease dimer.
The urea oxygen forms two long hydrogen bonds with
flap residues Ile50 and Ile50 0, and diol oxygens interact
with Asp25 and Asp25 0.55 The groups vicinal to the diol
oxygens occupy the S1/S1 0 pockets and the urea substit-
uents must occupy the S2/S2 0 pockets. In addition to the
steric fit of molecular frames into the active site, strong
hydrogen-bonding interactions provide a remarkable
electrostatic complementarity that anchors and perhaps
guides the inhibitor into place. In this sense, the number
of nitrogens is related to the number of hydrogen-bond-
ing interactions. Furthermore, the number of carbons is
closely related to the hydrophobic extension of the
inhibitors. On the other hand, the 2D descriptors encode
the information about the shape of the compounds. The
appearance of atomic van der Waals volumes in our
model is justified for the requirements of the cyclic urea
derivatives for occupying the HIV-1 protease hydropho-
bic pockets. At this level, it is suitable to clarify that this
analysis cannot offer the specific positions of the atoms
since 2D descriptors encode a global and dimension-lim-
ited information.
Many highly potent inhibitors of the HIV-1 protease en-
zyme show modest translation in a whole cell antiviral
assay (IC90). For anti-HIV agents an increment in cellu-
lar potency has been obtained by modifications designed
to improve cell penetration. In this sense, too polar cyc-
lic urea derivatives have a limited cellular activity, while
increasing the lipophilicity of the substituents resulted in
improved antiviral activity.20 However, with either ap-
proach there was a limit on the size of the alkyl groups
tolerated. Larger branched substituents significantly de-
creased binding due to unfavorable steric interactions
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and limited further improvements in whole cell antiviral
activity.
Model ANN2-IC90 suggests that the presence of five-
member rings (nR05) influences the antiviral activity.
In this sense, many authors report the best antiviral
activities for five-member rings containing HIV-1 prote-
ase inhibitors56,57 including the clinically approved
ritonavir,5 amprenavir,6 and indinavir.7 This positive ef-
fect is reflected in our data: all compounds with log (106/
IC90) > 4.2 have five-member rings. On the other hand,
the presence of the descriptor C11 is a measure of the
presence of aromatic rings or ramifications in them,
while the selected 2D descriptors (BELm3 and
MATS7m) encode the distributions of atomic masses.
In general, this set of descriptors must be oriented to
the capacity of the drug for cell penetration process.
The constitutional descriptors depict the relevance of
ring topologies and the 2D descriptors suggest the
importance of atomic masses, in such a way that this
subset of descriptors encodes the adequate molecular
sizes and shapes for transfixing cell membrane.
4. Conclusions

In the last decades, QSAR methodology has demon-
strated that the biological activities of drug molecules
can be correlated by a linear combination of the chemi-
cal and structural information of the corresponding
drugs. Neural networks are often superior to the tradi-
tional linear QSAR. Their key strength is that with the
presence of hidden layers, neural networks are able to
perform non-linear mapping of the parameters to the
corresponding biological activity implicitly; the results
are superior to linear regression analysis when judged
in statistical terms and they also provide accurate pre-
dictions of activities of the compounds. That is not
surprising since QSAR surfaces often have many
kinks and wrinkles that cannot be modeled by linear
hypersurfaces.

In this work, series of models were developed using
QSAR. The models clearly demonstrate a connection
between structure and anti-HIV activities of HIV-1 pro-
tease inhibitors. The structural information was numer-
ically encoded as molecular descriptors. Objective
feature selection and vector space analysis led to devel-
opment of linear and non-linear models. A non-linear
feature selection routine, which combined the genetic
algorithm with a neural network fitness evaluator, was
used to develop ANN models. These models overcome
the linear results according to LOO cross-validation.

This study confirms that Ki and IC90 values can be pre-
dicted on the basis of simplest molecular structure infor-
mation. The ANN models can be applied to prediction
of inhibitory activities of compounds that are not pres-
ent in data set used in this study as long as they are
structurally similar. The development of non-linear
QSAR combined with GA search can lead to more pre-
dictive models; therefore, a more accurate structure–ac-
tivity relation can be obtained. The possibility to extend
the number of compounds included in a model has been
interpreted like a more precise approximation to
establish a connection between biological assays and
the chemical structure.
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