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Abstract—Quadratic indices of the �molecular pseudograph�s atom adjacency matrix� have been generalized to codify chemical struc-
ture information for chiral drugs. These 3D-chiral quadratic indices make use of a trigonometric 3D-chirality correction factor.
These indices are nonsymmetric and reduced to classical (2D) descriptors when symmetry is not codified. By this reason, it is
expected that they will be useful to predict symmetry-dependent properties. 3D-Chirality quadratic indices are real numbers and
thus, can be easily calculated in TOMOCOMD-CARDDTOMOCOMD-CARDD software. These descriptors circumvent the inability of conventional 2D quad-
ratic indices (Molecules 2003, 8, 687–726. http://www.mdpi.org) and other (chirality insensitive) topological indices to distinguish
r-stereoisomers. In this paper, we extend our earlier work by applying 3D-chirality quadratic indices to two data sets containing
chiral compounds. Consequently, in order to test the potential of this novel approach in drug design we have modelled the angio-
tesin-converting enzyme inhibitory activity of perindoprilate�s r-stereoisomers combinatorial library. Two linear discriminant anal-
ysis (LDA) models were obtained. The first one model was performed considering all data set as training series and classifies
correctly 88.89% of active compounds and 100.00% of nonactive one for a global good classification of 96.87%. The second one
LDA-QSAR model classified correctly 83.33% of the active and 100.00% of the inactive compounds in a training set, result that
represent a total of 95.65% accuracy in classification. On the other hand, the model classifies 100.00% of these compounds in the
test set. Similar predictive behaviour was observed in a leave-one-out cross-validation procedure for both equations. Canonical
regression analysis corroborated the statistical quality of these models (Rcan of 0.82 and of 0.76, respectively) and was also used
to compute biology activity canonical scores for each compound. Finally, prediction of the biological activities of chiral 3-(3-
hydroxyphenyl)piperidines, which are r-receptor antagonists, by linear multiple regression analysis was carried out. Two statisti-
cally significant QSAR models were obtained (R2 = 0.940, s = 0.270 and R2 = 0.977, s = 0.175). These models showed high stability
to data variation in the leave-one-out cross-validation procedure (q2 = 0.912, scv = 0.289 and q2 = 0.957, scv = 0.211). The results of
this study compare favourably with those obtained with other chirality descriptors applied to the same data set. The 3D-chiral
TOMOCOMDTOMOCOMD-CARDD-CARDD approach provides a powerful alternative to 3D-QSAR.
� 2004 Elsevier Ltd. All rights reserved.
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1. Introduction

Molecular isomerism is a subject of fundamental
interest to organic chemists. Two molecules with identi-
cal chemical formulas but different states of symmetry of
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only one atom are referred to as enantiomers. Enantio-
mers are nonsuperimposable mirror image isomers
and they may also be referred to as enantiomorphs,
optical isomer or optical antipodes (because, they rotate
the polarization plane in opposite direction). The
molecules with identical 2D structural formulas contain-
ing more than one asymmetric atom as referred to as
r-diastereomers.1 In the literature, the asymmetric
atoms are often referred to as chiral atoms and mole-
cules containing chiral atoms are referred to as chiral
molecules.

However, if a molecule contains chiral atoms, it can be
an achiral molecule, because it may present a symmetric
element such as symmetric centre or plane (i.e., meso-
compounds: tartaric acid). In addition, chirality can be
caused by a spatial isomerism resulting from the lack
of free rotation around single or double bonds such as
in derivatives of biphenyl or in allenes, rather than due
to chiral atoms.1,2 Thus, a necessary and sufficient con-
dition to consider a compound as chiral is the absence of
an element of symmetry, which avoids chirality. That is
to say, if there is not an inverse axe (Sn) of symmetry
(including the plane and centre as self-containing cases
of Sn) we can affirm that we are in the presence of a chi-
ral molecule (having or not chiral atoms).1,3

In the original definition, Kelvin formulated the concept
of chirality as an abstract property of geometric objects:
�I call any geometrical figure, or group of points,
chiral. . . if its image in a plane mirror, ideally realized
cannot be brought to coincide with itself �.4,5 Although
enantiomorphs cannot be placed upon each other
(superimposed or overlapped) so that at least parts of
them coincide.

Hence, chirality cannot be equated with asymmetry (i.e.,
the total absence of symmetry) because all molecules
present at least one simple axe of symmetry. Anyhow,
this element does not preclude chirality. For this reason,
in the past the word �dissymmetry� was often used as a
synonym for what we now call chirality. Pasteur was
well aware of the difference between �dissymmetry� and
asymmetry, as evidenced by the French title of his lec-
ture �Recherches sur la Dissymmétrie moléculaire des
produits Organiques naturels�.6 Unfortunately, this
was translated into English as �Researches on the Mole-
cular Asymmetry of Natural Organic Products�.7 The
word dissymmetry, in the sense of what we now call chi-
rality seems to have been lost to the English language
over time.3

Enantiomers of a given compounds have identical chem-
ical properties with regard to their reaction with nonchi-
ral reagents, although they will give products with
different configurations. In addition, they may show dif-
ferences in behaviour (both in reaction rates and in
product stereochemistry) in their interactions with a chi-
ral reagent. In this sense, many biochemical process and
phenomena are stereospecific. For instance, LL- and DD-
enantiomers of amino acids have different tastes,8,9

enantiomers of some compounds have different
odours10,11 and many medicinal preparation have phys-
iological properties different from those of their enantio-
mers.12–14 The case of thalidomide is an example of a
problem that was, at least, complicated by the ignorance
of stereochemical effects.15 Thus, whenever a drug is to
be obtained in a variety of chemically equivalent forms
(such as a racemate), it is both good science and good
sense to explore the potential for in vivo differences be-
tween these forms. In this connection, the regulation of
Food & Drug Administration (FDA) requires a detailed
study of both enantiomers.16

Based on the experience of chemists, we can recognize at
least three kinds of chemical properties or biological
activities that depend on the symmetry properties of
the molecule, the environment and the apparatus used
to measure the property:3,17

1. Symmetry-independent properties (they have the
same absolute value and sign for both enantiomers
and are invariant to both proper and improper oper-
ations of symmetry, they are known as scalar proper-
ties). These properties are generally measured in an
isotropic environment with symmetric apparatus,
for example, boiling points, density. These properties
do not need the use of chiral molecular descriptors to
be predicted.

2. Molecular symmetry dependent properties measured
in isotropic environments with specific symmetric
apparatus (they have the same absolute value but
opposite sign and are in general pseudoscalar proper-
ties). Pseudoscalar properties are those, which
remains invariant to proper operations of symmetry
(rotations) but changes sign under an improper oper-
ation (reflections). These properties depend in their
absolute magnitude on molecular symmetry and need
the use chiral molecular symmetric indices to be pre-
dicted, for example, optical activity.

3. Molecular symmetry dependent properties meas-
ured in nonisotropic environments (they have differ-
ent absolute value and could have or not opposite
mathematical sign depending on the scale). They
could be scalar or pseudoscalar with respect to the
system as a whole (the molecule and the molecular
environment). This specific group of properties need
the use of nonsymmetric chiral descriptors, for exam-
ple, retention time of enantiomers in chiral chroma-
tographic or r-receptors antagonists activities (see
below).

Attempts to give quantitative meaning to molecular chi-
rality can be dated almost as far back as van�t Hoff�s and
LeBel�s proposition to extend the structural formulas of
chemistry into three-dimensional space (3D). In 1890
Guye introduced the first function designed to corre-
lated a pseudoscalar property, that is optical rotation,
with the molecular structure of chiroids––the first exam-
ple of a chirality function in chemistry.18 Chirality, how-
ever, is an inherent molecular property that depends
only on symmetry and that is independent of its physi-
cal and chemical manifestations. It should therefore be
possible to quantify chirality, that is to construct a chi-
rality measure, without reference to any experimental
data.
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Several quantitative measures of chirality have been
developed in the past and were extensively reviewed.19–21

Buda and Mislow distinguished between two classes of
measures.19 In the first class �the degree of chirality ex-
presses the extent to which a chiral object differs from
an achiral reference object�. In the second one �it ex-
presses the extent to which two enantiomorphs differ
from one another�. These methods yield a single real
value, usually an absolute quantity that is the same for
both enantiomorphs.

Recently, Benigni et al. proposed a chirality measure for
molecules in a data set.22 This measure is based on the
comparison of the 3D structure for a molecule with all
the others in a data set, in terms of electrostatic potential
and shape indices. Moreau described a quantitative
measure of the chirality of the environment of each
atom.23 Application of quantitative measures of chiral-
ity to the prediction of experimental observables have
been quite limited.

A different idea was to incorporate R/S labels into con-
ventional topological indices (TIs).24 Derived chirality
descriptors were correlated with biological activity by
Julián-Ortiz et al.,25 Golbraikh et al.26 and more re-
cently by González-Dı́az et al.17 These indices are refe-
reed as chirality TIs (CTIs). The main purpose on
developing these descriptors is to be able to account
for chiral molecules, which are well known to play an
import role in medicinal chemistry. Very few of these
descriptors have been reported in the literature to date,
although the necessity of a more serious effort in this
direction has been recognized by researchers in the
area.27

In addition to CTIs, the characterization of symmetry,
and specifically chiral structural features in Computer-
Aided Drug Discovery (CADDCADD), has become possible
only since the development of 3D-QSAR methods.
Among these methods, special mention must be made
of the use of CoMFA.28 Evidently; the chirality in CoM-
FA is taken into account by default, since 3D field val-
ues of chiral isomers are different. Despite its wide
popularity, CoMFA is not always applicable, especially
in situation where compounds under investigation are
highly flexible. Even almost these difficulties are solved
by Grid (a CoMFA like last generation method) several
drawbacks still remain when large data most be
processed.29

Recently, the present author has introduced the
novel computer-aided molecular design scheme TOMO-TOMO-

COMDCOMD (acronym of TOpological MOlecular COMpu-
ter Design). It calculates several new families of
topologic molecular descriptors. One of these families
has been defined as molecular quadratic indices by anal-
ogy with the quadratic mathematical forms.30 This point
of view was successfully applied to the prediction of
physical properties and Caco-2 permeability of
organic compounds and drugs, respectively.30,31 The
method is very flexible and makes possible the study
of small molecules as well as macromolecules such as
nucleic acid.32
In this context, the main aim of the present manuscript
is to extend quadratic indices of the �molecular pseudo-
graph�s atom adjacency matrix� in order to codify chiral-
ity related structural features. The problem of
classification of ACE (angiotesin-converting enzyme)
inhibitors and prediction of r-receptor antagonist activ-
ities are selected as illustrative example of method appli-
cation. These examples will be used as matter of
comparison with other CTIs as well.
2. Theoretical approach

The general principles of the quadratic indices of the
�molecular pseudograph�s atom adjacent matrix� for
small-to-medium sized organic compounds have been
explained in some detail elsewhere.30,31 However, an
overview of this approach will be given.

The molecular vector (X) is constructed in order to cal-
culate the molecular quadratic indices for a molecule
where the components of this vector are numeric values,
which represent a certain atomic property. These prop-
erties characterize each kind atom within the molecule.
Such properties can be the electronegativity, density
(standard state), atomic radii and so on.

If a molecule consists of n atoms (vector of Rn), then the
kth total quadratic indices, qk(x) are calculated as a
quadratic form (q : Rn ! R) in canonical basis as
shown in Eq. 1,

qkðxÞ ¼
Xn

i¼1

Xn

j¼1

kaijX iX j ð1Þ

where kaij =
kaji (symmetric square matrix), n is the num-

ber of atoms of the molecule and X1, . . . ,Xn are the coor-
dinates of the molecular vector (X) in a system of basis
vectors of the Rn. One can choose the basis vectors the
coordinates of the same vector will be different.33–35 The
values of the coordinates depend thus in an essential
way on the choice of the basis. The so-called canonical
(�natural�) bases, ej denote the n-tuple having 1 in the
jth position and 0�s elsewhere.33–35 In the canonical
bases, the coordinates of any vector X coincide with
the components of this vector.30–35 For that reason,
those coordinates can be considered as weights (atom-
labels) of the vertices of the pseudograph.

The coefficients kaij are the elements of the kth power of
the matrix M(G) of the molecular pseudograph (G).
Here, M(G) =M = [aij], denote the matrix of qk(x) with
respect to the natural basis. In this matrix n is the num-
ber of vertices (atoms) of G and the elements aij are de-
fined as follows:30,31

aij ¼ P ij if i 6¼ j and 9 ek 2 EðGÞ
¼ Lii if i ¼ j

¼ 0 otherwise

ð2Þ

where E(G) represents the set of edges of G, Pij is the
number of edges between vertices vi and vj and Lii is
the number of loops in vi.
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Given that aij = Pij, the elements aij of this matrix repre-
sent the number of bonds between an atom i and other j.
The matrixMk provides the number of walks of length k
that links the vertices vi and vj. For this reason, each
edge in M1 represents two electrons belonging to the
covalent bond between atoms (vertices) vi and vj; for
example, the inputs of M1 are equal to 1, 2 or 3 when
appears simple, double or triple bonds between vertices
vi and vj, respectively. On the other hand, molecules con-
taining aromatic rings with more than one canonical
structure are represented like a pseudograph. It happens
for substituted aromatic compounds such as pyridine,
naphthalene, quinoline and so on, where the presence
PI(p) electrons is accounted by means of loops in each
atom of the aromatic ring. Conversely, aromatic rings
having only one canonical structure, such as furan, thio-
phene and pyrrol are represented like a multigraph.

Note that the mathematical quadratic form�s matrices,
Mk, are graph-theoretic electronic-structure models, like
an �extended Hückel� model. The M1 matrix considers
all valence-bond electrons (r- and p-networks) in one
step and their power (k = 0,1,2,3, . . .) can be consider-
ing as an interacting-electron chemical-network model
in k step. This model can be seen as an intermediate be-
tween the quantitative quantum-mechanical Schrödin-
ger equation and classical chemical-bonding ideas.

The present approach is based on a simple model for the
intramolecular movement of all valence-bond electrons.
Let us consider a hypothetical situation in which a set of
atoms is free in space at an arbitrary initial time (t0). In
this time, the electrons are distributed around atom nu-
cleus. Alternatively, these electrons can be distributed
around cores in discrete intervals of time tk. In this
sense, the electron in an arbitrary atom i can move to
other atoms at different discrete time periods tk
(k = 0,1,2,3, . . .) throughout the chemical-bonding
network.

On the other hand, the defining equation 1 for qk(x) may
be written as the single matrix equation:

qkðxÞ ¼ ½X 1 	 	 	 Xn 

a11 	 	 	 a1n

..

. ..
.

an1 	 	 	 ann

2
664

3
775

k
X 1

..

.

Xn

2
664

3
775 ð3Þ

or in the more compact form,
qkðxÞ ¼ ½X 
tMk½X 
 ð4Þ

where [X] is a column vector (a nx1 matrix) of the coor-
dinates of X in the canonical base of Rn, [X]t the trans-
pose of [X] (a 1xn matrix) and Mk the kth power of the
matrix M of the molecular pseudograph G (mathemati-
cal quadratic form�s matrix). In Table 1 depict the calcu-
lation of the quadratic indices of the molecular
pseudograph�s atom adjacency matrix for amino-pyr-
idin-4-yl-acetaldehyde.

In addition to an total quadratic indices computed for
the whole molecule an local-fragment (atom and atom-
type) formalism can be developed. These descriptors
are termed local quadratic indices of the �molecular
pseudograph�s atom adjacency matrix�, qkL(x). The
qkL(x) are graph-theoretical invariant for a given frag-
ment FR (connected subgraph) within a specific pseudo-
graph G. The definition of these descriptors is as follows:
qkLðxÞ ¼
Xm
i¼1

Xm
j¼1

kaijLX iX j ð5Þ
where m is the number of atoms of the fragment of inter-
est and kaijL is the element of the file �i � and column �j � of
the matrix Mk

L ¼MkðG; F RÞ [qkL(x) = qk(x,FR)]. This
matrix is extracted from the Mk matrix and contains
the information referred to the vertices of the specific
molecular fragments (FR) and also of the molecular
environment.

The matrix Mk
L ¼ ½kaijL
 with elements kaijL is defined as

follows:

kaijL ¼ kaij if both vi and vj are vertices contained

within F R

¼ 1

2
kaij if vi or vj is contained within F R

¼ 0 otherwise

ð6Þ
with the kaij being the elements of the kth power of M.
These local analogues can also be expressed in matrix
form by the expression:
qkLðxÞ ¼ ½X 
tMk
L½X 
 ð7Þ
Note that for every partitioning of a molecule into Z
molecular fragment there will be Z local molecular frag-
ment matrices. That is to say, if a molecule is partitioned
into Z molecular fragments, the matrix Mk can be par-
titioned into Z local matrices Mk

L, L = 1, . . . ,Z and the
kth power of matrix M is exactly the sum of the kth
power of the local (�molecular fragment�) Z matrices,
Mk ¼
XZ
L¼1

Mk
L ð8Þ
or in the same way as Mk = [kaij] where,
kaij ¼
XZ
L¼1

kaijL ð9Þ
and the total quadratic indices is the sum in the quad-
ratic indices of the Z molecular fragments (see Table 1),
qkðxÞ ¼
XZ
L¼1

qkLðxÞ ð10Þ
Any local quadratic index has a particular meaning,
especially for the first values of k, where the information
about the structure of the fragment FR is contained.
High values of k are in relation with the environment
information of the fragment FR considered inside the
molecular pseudograph (G).
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Atom and atom-type quadratic indices are specific case
of local quadratic indices (for FR = atom or atom-type).
In this sense, the kth atom-type quadratic indices are
calculated by summing the kth atom quadratic indices
of all atoms of the same atom type in the molecule.
In the atom-type quadratic indices formalism, each
atom in the molecule is classified into an atom-type
(fragment), such as heteroatoms, heteroatoms H-bond-
ing acceptor (O, N and S), halogens, aliphatic carbon
chain, aromatic atoms (aromatic rings) an so on.30,31



Table 2. Values of trigonometric 3D-chirality correction factor [sinððxA þ 4DÞp=2Þ] within the allowed domain
xA D

�7 �6 �5 �4 �3 �2 �1 0 1 2 3 4 5 6 7

xR = 1 1 1 1 1 1 1 1 1

xnonchiral = 0 0 0 0 0 0 0 0

xS = �1 �1 �1 �1 �1 �1 �1 �1 �1
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For all data sets, including those with a common mole-
cular scaffold as well as those with very diverse structure,
the kth atom-type quadratic indices provide much useful
information.

In any case, whether a complete series of indices is con-
sidered, a specific characterization of the chemical struc-
ture is obtained (whole structure or fragment), which is
not repeated in any other molecule. The generalization
of the matrices and descriptors to �superior analogues�
is necessary for the evaluation of situations where only
one descriptor is unable to bring a good structural char-
acterization.36 These local indices can also be used to-
gether with total indices as variables of QSAR and
QSPR models for properties or activities that depend
more on a region or a fragment than on the whole
molecule.

The total and local quadratic indices, as defined above,
cannot codify any information about 3D molecular
structure. In order to solve this problem we introduced
a trigonometric 3D-chirality correction factor in mole-
cular vector X. In these sense, a chirality molecular vec-
tor is obtained (*X), where the components of X (for
instance, Mulliken electronegativity (XA)

37 of the atom
A) are substituted by the following term ½vAþ
sinððxA þ 4DÞp=2Þ
.

The trigonometric 3D-chirality correction factor use a
dummy variable, xA

17 and an integer parameter, D:

xA¼ 1 and D is an odd number when A has R ðrectusÞ;
E ðentgegenÞ; or a ðaxialÞ notation according to
Cahn–Ingold Prelog rules

¼ 0 and D is an even number; if A does not have

3D specific environment

¼�1 and D is an odd number when A has S

ðsinisterÞ; Z ðzusammenÞ;or e ðequatorialÞ notation
according to Cahn-Ingold-Prelog rules ð11Þ

Thus, this 3D-chirality factor sinððxA þ 4DÞp=2Þ takes
different values in order to codify specific stereochemical
information such as chirality, Z/E isomerism and so on.
This factor therefore takes values in the following order
1 > 0 > �1 for atoms that have specific 3D environ-
ments. The chemical idea here is not that the attraction
of electrons by an atom depends on their chirality, due
to experience shows that chirality does not change the
electronegativities of atoms in the molecule in an iso-
tropic environment in an observable way.3 This correc-
tion has principally a mathematical means and must
not be source of any misunderstanding.
A severe limitation of the GBT approach is the existence
of different chirality corrections and we had great diffi-
culty in selecting one of these. In this sense, González-
Dı́ et al.17 introduced an exponential chirality factor
(exp(xAD)), which eliminated indetermination in the
selection of chirality and 3D scales for stochastic topo-
logic indices. Unfortunately, this exponential factor
does not solve the problem in GBT-like approaches.
In this connection, the present trigonometric 3D-chiral
correction factor is invariant with respect to the selec-
tion of other chirality scales for all kinds of such chiral
topologic indices (GBT-like ones). Table 2 depicts the
values of the trigonometric 3D-chirality correction fac-
tor for all allowed values of xA and D (GBT-like chiral-
ity scale and other alternative chirality scales). This table
clearly shows that the trigonometric 3D-chirality factor
is invariant with respect to the selection of all possible
real scales. That is to say, the factor gets ever the values
1, 0 and �1 for R, nonchiral and S atoms. As outlined
above the demonstration of invariance for this factor
with respect to other 3D features such as a/e substitu-
tions and Z/E or p-isomer is straightforward to realize
by homology. Henceforth, we do not need to answer
the question regarding the best value for chirality cor-
rection. At lest for linear scales.17,25,26

A very interesting point is that the present 3D-chiral
descriptor reduces to simples (2D) quadratic indices
ones for molecules without specific 3D characteristics
because sinð0þ 4DÞp=2 ¼ 0, being D zero or any even
number. That is, when all the atoms in the molecule
are not chiral, the TOMOCOMD-CARDDTOMOCOMD-CARDD molecular
descriptors or any GBT-like chiral topologic index do
not change upon the introduction of this factor. This
means that *X = X and thus, *qk(x) = qk(x).
3. Experimental methods

3.1. Computational methods. TOMOCOMD-CARDDTOMOCOMD-CARDD

approach

TOMOCOMDTOMOCOMD is an interactive program for molecular de-
sign and bioinformatics research.38 The program is com-
posed by four subprograms, each one of them dealing
with drawing structures (drawing mode) and calculating
2D and 3D molecular descriptors (calculation mode).
The modules are named CARDDCARDD (Computed-Aided �Ra-
tional� Drug Design), CAMPSCAMPS (Computed-Aided Model-
ling in Protein Science), CANARCANAR (Computed-Aided
Nucleic Acid Research) and CABPDCABPD (Computed-Aided
Bio-Polymers Docking). In this paper we outline salient
features concerned with only one of these subprograms:
CARDDCARDD. This subprogram was developed upon the base
of a user-friendly philosophy. The calculation of 3D-chi-
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ral total and local quadratic indices for any organic mol-
ecule (or any drug-like compounds) was implemented in
the TOMOCOMD-CARDDTOMOCOMD-CARDD software.38
3.2. Data sets for 3D-chiral QSAR study

To evaluate the effectiveness of 3D-chiral quadratic indi-
ces, we have tested their ability to predict pharmacolog-
Table 3. Basic structure and chirality notation of active and nonactive perind

split in training and test sets) and LOO cross-validation procedure, as well a

N

O

OH

O CH
CH3

H
N

1
2

3
3a
7a

4
5

6
7 8 9

10

Compda IC50
b PData%

c Pcv%
d Scoree PTrain.

Eqs. 13 and 14 (two variables)

Active compounds

SSRSS 1.1 97.49 96.63 �2.17
SRSSS 1.2 98.60 98.55 �2.36
SSSSS 1.5 99.31 98.89 �2.60 97.04

SRRSS 3.3 99.68 99.54 �2.85
SSSSR 12.2 99.22 98.92 �2.56 96.60

SSRSR 29.4 97.92 97.19 �2.23 92.72

SRRSR 39.8 99.62 99.36 �2.80 97.72

SRSSR 54 97.76 97.06 �2.21 92.46

RRSSS 108 5.72* 1.75* �0.06 8.44*

Nonactive compounds

SSSRS 1.1 · 103 94.60 90.73 �0.04 91.30

RSSSS 1.9 · 103 86.97 82.04 �0.36 84.03

SSRRR 2.6 · 103 98.09 97.82 0.31

RRSSR 5.5 · 103 95.08 94.47 �0.01 92.78

SSRRS 7.1 · 103 86.36 84.94 �0.37 84.21

RRSRS 7.8 · 103 99.99 99.99 2.13 99.94

RSRRR 23 · 103 100.00 99.99 2.37

SRRRR 33 · 103 97.12 96.02 0.17 95.35

RSSSR 36 · 103 84.63 83.04 �0.42 82.80

RSRSR 47 · 103 99.25 99.10 0.62 98.17

RSRSS 60 · 103 99.55 99.43 0.78

RRRRR 105 100.00 99.99 2.30 99.96

SRRRS 105 74.51 67.85 �0.63 76.22

RRRSS 105 97.07 96.48 0.16 95.14

SRSRR 105 99.95 99.95 1.52

RRRRS 105 99.96 99.95 1.60 99.82

RRSRR 105 100.00 99.99 2.93 99.99

SSSRR 105 99.49 99.32 0.74 98.49

RSSRS 105 99.93 99.92 1.41

RRRSR 105 96.59 94.34 0.11 94.85

RSSRR 105 99.99 99.99 2.10 99.93

RSRRS 105 99.98 99.97 1.79 99.87

SRSRS 105 99.25 99.01 0.62

*Misclassified compounds.
a Notation of the chiral centres in each perindoprilate derivative in the follo
b Values of the IC50, of the compound, for ACE in nM taken from Refs. 17
c Posterior probability predicted for each compound in data set (32 compou
d Posterior probability predicted for each compound in LOO cross-validatio
e Canonical scores predicted using canonical analysis.
f Posterior probability predicted for each compound in training set.
g Posterior probability predicted for each compound in test set.
ical properties in groups with a known stereochemical
influence. First, a data set of 32 perindoprilate stereo-
isomers, an ACE Inhibitors was used to test the applica-
bility of the method.17,39 The basic structure of
perindoprilate stereoisomer and their chirality notation
are shown in Table 3.

ACE acts in plasma and blood vessels, removing the
C-terminal dipeptide of undecapeptide Angiotesin I to
oprilate stereoisomers with their posterior probabilities in data (or data

s the canonical scores

CH

O
OH

11

12
13

14

15
16

17

%f PTest%
g Pcv%

d Scoree PTrain.%
f PTest%

g

Eqs. 15 and 16 (two variables) Eq. 17 (three

variables)

92.10 �1.98 99.93

94.83 �2.16 99.82

94.45 �2.39 99.97

98.07 �2.56 65.54

94.9 �2.33 99.83

89.63 �2.02 99.52

94.83 �2.49 26.37*

89.57 �2.00 99.14

2.20* �0.08 70.94

83.71 �0.10 94.62

76.77 �0.37 92.46

96.34 0.26 21.29*

91.78 �0.02 71.19

82.02 �0.36 15.07*

99.96 1.89 98.74

99.97 2.13 99.09

93.75 0.17 99.1

80.46 �0.40 98.72

97.77 0.54 96.3

98.67 0.67 82.6

99.98 2.09 98.4

70.56 �0.56 97.91

94.17 0.15 50.91

99.75 1.33 98.83

99.79 1.45 97.54

99.97 2.62 99.09

97.79 0.62 94.91

99.68 1.23 99.91

91.97 0.12 82.87

99.94 1.86 99.95

99.93 1.60 99.91

98.01 0.51 98.58

wing order C2, C3a, C7a, C9, C11.

and 39.

nds).

n procedure.



Table 4. Results of multivariate regression analysis of the Log IC50 of a group of N-alkylated 3-(3-hydroxyphenyl)piperidines for the r-receptor

Compound (alkyl group)a Log IC50 (r-receptor)

Obs.b Cal. c Res.d Cal.e Res.d Cal.f Res.d Cal.g Res.d

(R)-3-HPP

H �0.66 �0.43 �0.23 �0.43 �0.23 �0.61 �0.05 �0.77 0.11

CH3 0.43 0.12 0.31 0.14 0.29 0.36 0.07 0.11 0.32

C2H5 0.95 0.72 0.23 0.78 0.17 0.87 0.08 0.77 0.18

n-C3H7 1.52 1.36 0.16 1.46 0.06 1.30 0.22 1.53 �0.01
i-C3H7 0.61 1.27 �0.66 Outlier � 1.30 �0.69 1.12 �0.51
n-C4H9 2.05 2.00 0.05 2.13 �0.08 1.66 0.39 2.07 �0.02
2-Phenylethyl 2.10 2.22 �0.12 2.27 �0.17 2.09 0.01 2.02 0.08

(S)-3-HPP

H �1.19 �1.06 �0.13 �1.07 �0.12 �1.41 0.22 �0.77 �0.42
CH3 �0.28 �0.48 0.20 �0.47 0.19 �0.27 �0.01 �0.63 0.04

C2H5 �0.01 0.13 �0.14 0.17 �0.18 0.34 �0.35 0.21 �0.22
n-C3H7 0.81 0.77 0.04 0.84 �0.03 0.84 �0.03 0.96 �0.15
i-C3H7 0.68 0.68 0.00 0.74 �0.06 0.84 �0.16 0.73 �0.05
n-C4H9 1.51 1.40 0.11 1.51 0.00 1.26 0.25 1.51 0.00

2-Phenylethyl 1.80 1.62 0.18 1.65 0.15 1.75 0.05 1.46 0.34

Abbreviations: HPP, N-alkylated 3-hydroxyphenyl piperidines.
a Alkylic group at nitrogen ring.
b Observed values of the Log IC50 for the r-receptor taken from Ref. 17.
c Values calculated from Eq. 19.
d Residual, defined as [Log IC50 (r)Obs � Log IC50 (r)Cal].
e Values calculated from Eq. 20.
f Values calculated from Eq. 21 (see Ref. 17).
g Values calculated from Eq. 22 (see Ref. 25).
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produce the potent blood vessel constricting octapeptide
Angiotesin II. In addition, ACE inactivates the hypoten-
sive nonapeptide Bradykinin. For these reasons, ACE is
the biological target of many important antihypertensive
drugs called ACEis.39 Furthermore, a short data set of
seven pairs of chiral N-alkylated 3-(3-hydroxyphen-
yl)piperidines that bind r-receptors, are also selected
as illustrative example of method application. The r-
receptors mediate effects induced by various opioids.25

In Table 4, we depict the chemical structure and the
Log IC50 (50% inhibitory concentration) for this group
of compounds. These examples will be used also with
the aim of comparing 3D-chiral quadratic indices with
other CTIs.

3.3. Statistical analysis

As a continuation of the previous sections, we can at-
tempt to develop a simple linear QSAR equation using
the TOMOCOMD-CARDDTOMOCOMD-CARDD descriptors and statistical tech-
niques, such as multilinear regression analysis, linear
discrimination analysis (LDA) and so on. That is to
say, we can find a quantitative relation between an activ-
ity A and the quadratic indices having, for instance, the
following appearance,
A ¼ a0
q0ðxÞ þ a1
q1ðxÞ þ a2
q2ðxÞ þ 	 	 	
þ ak
qkðxÞ þ c ð12Þ
where A is the measurement of the activity, *qk(x) [or
*qkL(x)] is the kth total [or local] 3D-chiral quadratic
indices, an the ak�s are the coefficients obtained by the
linear regression analysis.
In this paper, LDA was employed to develop a simple
linear QSAR model to fit the classification functions in
order to discriminate between two degrees of ACE inhib-
itory activity. The biological activity was codified by a
dummy variable (ACEiactv). This variable indicates the
presence of either a very active compound (ACEi-
actv = 1) or a nonactive compound (ACEiactv = �1).
In this study very active is taken to mean a compound
that has an IC50 value no higher than 110nM.

The statistical analysis were carried out with the STATIS-STATIS-

TICATICA software.40 The quality of the model was deter-
mined examining the statistics parameter of
multivariable comparison (Wilk�s k statistic, the square
of Mahalanobis distance, Fisher ratio F, the correspond-
ing p-level [p(F)] as well as the percentage of good clas-
sification, the proportion between the cases and
variables in the equation) and the cross-validation
(leave-one-out) procedure. We also developed the linear
discriminant canonical analysis by checking the follow-
ing statistic: canonical regression coefficient (Rcan), chi-
squared and its p-level [p(v2)].41

A linear multiple regression (LMR) analysis was used to
obtain a quantitative model that related 3D-chiral quad-
ratic indices and r-receptors antagonist activities. The
search for the best model can be processed in terms of
the highest correlation coefficient (R) or F-test equations
(Fisher-ratio�s p-level [p(F)]), and the lowest standard
deviation equations (s). The quality of models was also
determined by examining the LOO press statistics
(q2, scv).

42 In recent years, the LOO press statistics
(e.g., q2) have been used as a means of indicating predic-
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tive ability. Many authors consider high q2 values (for in-
stance, q2 > 0.5) as indicator or even as the ultimate proof
of the high-predictive power of a QSAR model.
4. Result and discussion

First, we tested the predictive power of 3D-chiral quad-
ratic indices in the classification of the all 32 perindopri-
late stereoisomers. The QSAR-LDA model selection
was subjected to the principle of parsimony (Occam�s
razor). We then chose a function with high statistical sig-
nificance, but with as few parameters as possible. Forward
stepwise was established as the strategy for variable selec-
tion. The classification model obtained is given below to-
gether with the statistical parameters of the LDA:
ACEiactv ¼ 0:496315 þ 0:0032217
q7ðxÞ
� 2:70579� 10�6
q14ðxÞ

N ¼ 32; k ¼ 0:33; D2 ¼ 10:03;

F ð2:29Þ ¼ 29:393; p < 0:0000 ð13Þ
where N is the number of compounds, k is Wilk�s coef-
ficient, F is the Fisher ratio, D2 is the squared Mahalano-
bis distance and p-value is the significance level. The
Wilks� k parameter can takes values in the range of 0
(perfect discrimination) to 1 (no discrimination) and
the Mahalanobis distance indicates the separation be-
tween the respective groups. It shows whether the model
has an appropriate discriminatory power for differenti-
ating between the two respective groups. The classifica-
tion of cases was carried out by means of the posterior
classification probabilities. Using the Mahalanobis
distances to do the classification, we can now derive
probabilities. The probability that a case belongs to a
particular group is basically proportional to the Maha-
lanobis distance from that group centroid. In summary,
the posterior probability is the probability, based on our
knowledge of the values of others variables, that the
respective case belongs to a particular group.

This model (Eq. 13) classified correctly 88.89% of active
compounds (8/9) and the 100.00% of inactive com-
pounds. The global good classification for the data set
was 96.87% (31/32). Only one inactive stereoisomer
was bad classified.

In Table 4 are shown the results of perindoprilate stereo-
isomers classification and a posteriori probabilities for
32 compounds of the data set.

To assess the predictability of the classification model
(Eq. 13), a LOO cross-validation was carried out. This
methodology systematically removed one data point at
a time from the data set. A discriminant model was then
constructed on the basis of this reduced data set and
subsequently used to predict the removed data point.
This procedure was repeated until a complete set of pre-
dicted classification was obtained. Using this approach,
the model also classified correctly 88.89% and 100.00%
of active and inactive compounds, respectively. The glo-
bal classification of the LOO cross-validation procedure
was the same that for data set: 96.87%.

Canonical analysis is used here to test both the ability of
3D-chiral quadratic indices to discriminate between the
two groups of stereoisomers and also to order these
compounds accordingly with their stability profile.

3D-Chiral total quadratic indices & LDA ACE inhibi-
tory activity canonical analysis principal root:
ACEroot ¼ �1:13859� 0:00105
q7ðxÞ
þ 8:82� 10�7
q14ðxÞ

N ¼ 32; k ¼ 0:33; Rcan ¼ 0:82; v2 ¼ 32:12;

p < 0:0000 ð14Þ
The canonical transformation of the LDA results yields
one canonical root with a good canonical regression
coefficient (0.82). Chi-squared test permits us to test
the statistical signification of this analysis with a p-level
< 0.0001.

When LDA analysis is applied to solve the two-group
classification problem we ever find two classification
functions.43 However, we cannot use these two classifi-
cation functions to evaluate all the compounds and ob-
tain a bivariate stability map because they are not
orthogonal.41 To solve this problem we used canonical
analysis in this case the dimensional reduction caused
by canonical analysis makes possible to obtain a one-
dimension stability map.41

That is the same that we can order all compounds taking
into account its canonical scores. The canonical scores
of all stereoisomer of perindoprilate appear in Table 3.
We can detect an overall ascendant tendency of canon-
ical scores when they are plotted in the same order in
which IC50 increases (activity decreases) (data not
shown). As it is expected, the over all mean of canonical
root scores for the group of active isomers (lowest IC50
values) has an opposite sign (�) with respect to the other
group [(+); highest IC50 values].

41

In addition, to demonstrate the true merit of this ap-
proach, we developed a direct comparison with other
approaches. In connection, the 32 stereoisomers of per-
indoprilate was split in training and test set. These series
was taken equal that Gónzalez-Dı́az et al.17 The QSAR-
LDA and canonical analysis models obtained for train-
ing set (using the same 3D-chiral quadratic indices) of 23
compounds (sixth column in Table 3: PTrain.%) are given
below together with the statistical parameters:
ACEiactv ¼ 0:9464þ 0:00237
q7ðxÞ

� 1:9958� 10�6
q14ðxÞ

N ¼ 23; k ¼ 0:42; D2 ¼ 7:12;

F ð2:20Þ ¼ 13:734; p < 0:0002 ð15Þ
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ACEroot ¼ �1:38932� 0:00093
q7ðxÞ

þ 7:83� 10�7
q14ðxÞ

N ¼ 23; k ¼ 0:42; Rcan ¼ 0:76;

v2 ¼ 17:29; p < 0:0000 ð16Þ
These models classified correctly 83.33% (5/6) of the ac-
tive and 100.00% (17/17) of the inactive compounds in
the training set, for a global good classification of
95.65% (22/23). In the LOO cross-validation procedure,
the model showed a good robustness: 95.65% of global
good classification. The most important criterion for
the acceptance or not of a discriminant model, such
as model (15), is based on the statistic for external pre-
diction set. Model (15) classifies correctly 100.00% of
active (three isomers) and inactive (six isomers) com-
pounds in the test set (see seventh column in Table 3:
PTest%). If we considered the training set and the test
set (full set) the percentage of good classification of
model (15) was 96.87% (31/32); the same that the ob-
tained using the data set (Eq. 13). In Table 3 we give
the classification of stereoisomers in the training and
prediction set together with their canonical scores and
their posterior probabilities calculated from the Maha-
lanobis distance.

A similar equation was reported by Gónzalez-Dı́az et al.
using three MARCH-INSIDE molecular descriptors.17
ECAactv ¼ 73:19� 2:96:73SRp6ðxÞ þ 416:68SRp8ðxÞ
� 113:53SRp15ðxÞ

N ¼ 23; k ¼ 0:38; D2 ¼ 8:43; F ð3:19Þ ¼ 10:3;

p < 0:00 ð17Þ

ECAroot ¼ 27:42� 106:94SRp6ðxÞ þ 150:17SRp8ðxÞ
� 41:02SRp15ðxÞ

N ¼ 23; k ¼ 0:38; Rcan ¼ 0:79;

v2 ¼ 18:82; p < 0:000 ð18Þ
These equations had very similar training and test statis-
tical parameters that obtained above using 3D-chiral
quadratic indices (Eqs. 15 and 16).

MARCH-INSIDE & LDA ACEiactv classification
function classifies correctly 91.30% of compounds in
the training series, that is, two compounds are misclassi-
fied out of a total of 23. Specifically, the model (17) clas-
sifies correctly 83.33% (5/6) of active compounds and
94.12% (16/17) of nonactive stereoisomers of perindopr-
ilate. In the test set, this model recognizes correctly
83.33% (5/6) and 100.00% (3/3) of the inactive and active
compounds, respectively. If we considered the training
set and the test set (full set) the percentage of good clas-
sification of model (17) was 90.72% (29/32). Table 3 also
depicted the classification of stereoisomers in the train-
ing and prediction set together by Eq. 17.17
Finally, we will now discuss the ability of 3D-quadratic
indices to predict r receptor antagonist activities. 3D-
Quadratic indices are nonsymmetric and reduce to clas-
sical descriptors when symmetry is not codified (see
above). Besides, Gónzalez-Dı́az et al. conclude that r
receptor antagonist activities is not a pseudoscalar prop-
erty17 and we can expect at least a good correlation with
3D-quadratic indices.

This experiment permitted us to solve two problems at
once. We will be able either to test 3D-quadratic indices
on class (3) properties or to compare our method with
other previously reported approaches. The QSAR-
LMR models obtained for the r receptor antagonist
activities are follow:

Log IC50ðrÞ ¼ �6:4679ð�0:5584Þ
þ 0:109523ð�0:0116Þ
q0ðxÞ
� 0:0022ð�0:0004Þ
q3ðxÞ

N ¼ 14; R ¼ 0:969; R2 ¼ 0:940;

q2 ¼ 0:912; F ð2; 11Þ ¼ 85:826; s ¼ 0:270;

scv ¼ 0:289; p < 0:000 ð19Þ

Log IC50ðrÞ ¼ �6:66884ð�0:3661Þ
þ 0:116049ð�0:0077Þ
q0ðxÞ
� 0:0024ð�0:0002Þ
q3ðxÞ

N ¼ 13; R ¼ 0:988; R2 ¼ 0:977; q2 ¼ 0:957;

F ð2; 10Þ ¼ 211:20; s ¼ 0:175; scv ¼ 0:211;

p < 0:0000 ð20Þ
where N is the size of the data set, R is the regression
coefficient, s is the standard deviation of the regression,
F is the Fischer ratio and q2, scv are the squared correla-
tion coefficient and the standard deviation of the
cross-validation performed by the LOO procedure,
respectively. This statistics indicate that these models
are appropriate for the description of chemicals studied
here. In Table 4 are depicted the values of experimental
and calculated Log IC50 for data set (both models), and
in Figures 1 and 2 are illustrated the linear relationships
between them.

In the development of the first quantitative model for
description of activities (Eq. 19), one compound was de-
tected as statistical outlier. Outliers detection was carried
out using the following standard statistical test: residual,
standardized residuals, studentized residual and Cooks�
distance.44 Once rejected the statistical outlier, the Eq.
20 was obtained with better statistical parameters.

The correlation coefficient (R2), for Eqs. 19 and 20 were
0.940 and 0.977, respectively, so these models explained
the 94% and 97.7% of the variance for the experimental
values of Log IC50.

44

Validation is a crucial aspect of any QSAR/QSPR mod-
elling.45 One of the most popular validation criteria is
LOO cross-validated R2 (LOO q2; internal validation).
For this reason, the quality of models was determined
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by examining the LOO press statistics (q2, scv).
42 Using

this approach, the models 19 and 20 had a LOO q2 of
0.912 and a 0.957, respectively. These values of q2

(q2 > 0.5) can be considered as a proof of the high pre-
dictive ability of the models. In this context, the Eqs.
19 and 20 showed a cross-validation standard error of
only 0.289 and 0.211, respectively.

Similar equations were reported for González-Dı́az
et al.17 and De Julián-Ortiz et al.25 using two [Ap0(C*,x),
Ap1(C*,x)] and three [3D


C, PR2 and E] novel 3D-chiral
TIs:
Log IC50ðrÞ ¼ 6:437ð�0:508Þ
� 134:35ð�11:33ÞAp0ðC
;xÞ
þ 9:408ð�2:28ÞAp1ðC
;xÞ

N ¼ 14; R ¼ 0:96; F ð2; 11Þ ¼ 71:17;

s ¼ 0:295; scv ¼ 0:32; p < 0:00000 ð21Þ
Log IC50ðrÞ ¼ 4:08þ 5:303D

C � 0:56PR2� 1:57E

N ¼ 14; R ¼ 0:965; F ð3; 10Þ ¼ 45:70;

s ¼ 0:301; p < 0:00000 ð22Þ
All equations have rather similar data statistical param-
eters. It is remarkable that our models (Eqs. 19 and 20)
uses one variable less than the one object of comparison.
In order to avoid chance correlation, the number of
compounds must be around one half minus one the
number of investigated variables and five times the num-
ber of variables in the model. The TIs based model has
three variables and barely obey this condition, Eq. 22.
5. Concluding remarks

Computer-aided molecular design has become in a very
important tool in the development of novel chemicals to
be used in different areas of human life. In this sense, the
strategies for virtual screening have the aim of selecting
a diverse subset of compounds from a large population
by using an �in silico� method. In these studies as well as
in molecular diversity analysis of large data set of chem-
icals, many of traditional 2D-QSAR descriptors are not
applicable as they apply to congeneric series. Thus, the
continuous definition of novel molecular descriptors
that could explain different biological properties by
means of 2D- and 3D-QSAR is necessary.

As we have shown in the present work, the generalized
TOMOCOMDTOMOCOMD--CARDDCARDD approach is not only able to dis-
criminate between active and inactive perindoprilate
stereoisomers, but also to codify information related
to pharmacological property highly dependent on
molecular symmetry of a set of seven pairs of chiral
N-alkylated 3-(3-hydroxyphenyl)-piperidines that bind
r-receptors. This finding is only a preliminary conclu-
sion and a more in-depth analysis of the potential of
the 3D-chiral quadratic indices is necessary. However,
we show that for two data sets chiral-QSAR models that
use 3D-chirality total quadratic indices had better or
similar predictive ability as compared to other previ-
ously reported approaches.
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17. González-Dı́az, H.; Hernández-Sánchez, I.; Uriarte, E.;

Santana, L. Comput. Biol. Chem. 2003, 27, 217.
18. Guye, P.-A. Compt. Rend. (Paris) 1890, 110, 714; Guye,

P.-A. Compt. Rend. (Paris) 1893, 116, 1378, 1451, 1454;
See also: Crum Brown, A. Proc. R. Soc. Edinburgh 1890,
17, 181.

19. Buda, A. B.; Mislow, K. J. Mol. Struct. Theochem. 1991,
232, 1.

20. Avnir, D.; Hel-Or, H. Z.; Mezey, P. G. Symmetry and
Chirality: Continuos Measures. In The Encyclopedia of
Computational Chemistry; Schleyer, P. V. R., Allinger, N.
L., Clark, T., Gasteiger, J., Kollman, P. A., Schaefer, H.
F., III, Schreiner, P. R., Eds.; Wiley: Chichester, 1998;
Vol. 4, pp 2890–2901.

21. Zabrodsky, H.; Avnir, D. J. Am. Chem. Soc. 1995, 117,
462.

22. Benigni, R.; Cotta-Ramusino, M.; Gallo, G.; Giorgi, F.;
Giuliani, A.; Vari, M. R. J. Med. Chem. 2000, 43,
3699.

23. Moreau, G. J. Chem. Inf. Comput. Sci. 1997, 37, 929.
24. Schultz, H. P.; Schultz, E. B.; Schultz, T. P. J. Chem. Inf.

Comput. Sci. 1995, 35, 864.
25. de Julián-Ortiz, J. V.; de Alapont, C. G.; Rı́os-Santama-
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