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Abstract—A quantitative structure—activity relationship (QSAR) study to predict the relative affinities of the steroid ‘benchmark’
data set to the corticosteroid-binding globulin (CBG) is described. It is shown that the 3D-chiral quadratic indices closely correlate
with the measured CBG affinity values for the 31 steroids. The calculated descriptors were correlated with biological data through
multiple linear regressions. Two statistically significant models were obtained when non-stochastic (R = 0.924 and s = 0.46) as well
as stochastic (R = 0.929 and s = 0.46) 3D-chiral quadratic indices were used. A leave-one-out (LOO) approach to model validation is
used here; the best results obtained in the cross-validation procedure with non-stochastic (¢> = 0.781) and stochastic (¢> = 0.735) 3D-
chiral quadratic indices are better or similar to most of the 3D-QSAR approaches reported so far. These results support the idea that
the 3D-chiral quadratic indices may be helpful in prediction of the corticosteroid-binding affinity for new compounds.

© 2005 Elsevier Ltd. All rights reserved.

1. Introduction

Corticosteroids are essential for the regulation of human
physiology. Glucocorticoids are involved in the regula-
tion of protein, carbohydrate, and lipid metabolism.
Mineralocorticoids control salt and water metabolism
by maintaining proper electrolyte balance. Prednisone
and prednisolone are potent antirheumatic and antial-
lergenic agents. Cortisone is effective in the treatment
of rheumatoid arthritis.! The corticosteroid drug budes-
onide is the preferred treatment for Crohn’s disease.’
Baud et al. have found that the corticosteroid drug beta-
methasone has fewer side effects when used for prevent-
ing many pregnant women from delivery complications
of premature birth.? Corticosteroid-receptor activation
is crucial in determining steroid-mediated effects.
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In recent years, modeling of the relative affinities of ste-
roids to the corticosteroid-binding globulin (CBG) has
become a very important research topic. The steroid
structures examined in the original Comparative
Molecular Field Analysis (CoMFA) paper® have served
as a benchmark for numerous subsequent quantitative
structure activity relationship (QSAR) studies.”?° In
this significant research effort, there is need to find mod-
els of the relationship between the structure of steroids
and the corticosteroid-binding globulin. Such models
can assist researchers in understanding the structural
basis of binding as well as providing a basis for develop-
ment of new compounds.

Our research group has recently developed simple non-
stochastic and stochastic atom- and bond-based molec-
ular descriptors based on algebraic theory. They have
been defined by analogy with the quadratic, linear,
and bilinear mathematical maps.?!?® Applications
included the prediction of several physical, physico-
chemical, chemical, and pharmacokinetic properties of
organic compounds.?!2° In addition, these indices have
been extended by considering three-dimensional
features of small/medium-sized molecules, based on
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the trigonometric 3D-chirality correction factor
approach.?’ Promising results have been obtained mod-
eling steroids binding to CBG using 3D-chiral linear
indices.?® The present report is written with two objec-
tives in mind; first, to investigate the potential use of
the 3D-chiral quadratic indices as a modeling tool for
obtaining significant correlation with the corticoste-
roid-binding affinity; second, to compare our results
with those of other methods previously used for exam-
ining this system.

2. Theoretical scaffold

In earlier publications, we outline outstanding features
concerned with the theory of 2D atom-based TOMO-
COMD-CARDD molecular descriptors (MDs). This
method codifies molecular structures by means of math-
ematical quadratic, linear, and bilinear transforma-
tions.> 2% In order to calculate these algebraic maps
for a molecule, the atom-based molecular vector, X (vec-
tor representation), and kth ‘non-stochastic and stochas-
tic graph-theoretic electronic-density matrices,” M* and
Sk (matrix representations), correspondingly, are con-
structed.?!?>2847 Such atom-adjacency relationships
and chemical-information codification are applied to
generate a series of atom-based TOMOCOMD-
CARDD MDs, namely atomic, group, and atom-type
as well as total quadratic indices, to be used in drug de-
sign and chemoinformatics studies.

Therefore, the structure of this section will be as follows:
(1) a background in atom-based molecular vector, as
well as non-stochastic and stochastic graph-theoretic
electronic-density matrices will be described in the next
two subsections, and (2) an outline of the mathematical
definition of quadratic maps and a definition of our pro-
cedures will be developed in the third subsection.

2.1. Chemical information and atom-based molecular
vector

The atom-based molecular vector (), used to represent
small-to-medium-sized organic chemicals, has been ex-
plained elsewhere in some detail.>!-?>284* The compo-
nents (x) of ¥ are numeric values, which represent a
certain standard atomic property (atomic label). There-
fore, these weights correspond to different atom proper-
ties for organic molecules. Thus, a molecule having
5,10,15,...,n atomic nuclei can be represented by
means of vectors with 5,10,15,...,n components,
belonging to the spaces R>, R, K>, ..., R", respective-
ly, where n is the dimension of the real set (R"). There-
fore, X is the n-dimensional property vector of the atoms
(atomic nuclei) in a molecule.

This approach allows us to encode organic molecules
such as 3-mercapto-pyridine-4-carbaldehyde through
the molecular vector X = [xni1,Xc2,XC35 X045 XC5
X6, XC7,X08,Xs9]. This vector belongs to the product
space R’. However, diverse kinds of atomic weights
(x) can be used for codifying information related to each
atomic nucleus in the molecule. These atomic labels are

Table 1. Values of the atomic weights used for TOMOCOMD-
CARDD MDs**

ID Atomic VdW*® volume Polarizability Pauling

mass (A3) (A3) electronegativity

H 1.01 6.709 0.667 2.2

B 10.81 17.875 3.030 2.04
C 12.01  22.449 1.760 2.55
N 14.01 15.599 1.100 3.04
(0} 16.00 11.494 0.802 3.44
F 19.00 9.203 0.557 3.98
Al 2698  36.511 6.800 1.61
Si 28.09 31.976 5.380 1.9

P 30.97  26.522 3.630 2.19
S 32.07 24.429 2.900 2.58
Cl 3545 23.228 2.180 3.16
Fe 55.85  41.052 8.400 1.83
Co 5893 35041 7.500 1.88
Ni 58.69  17.157 6.800 1.91
Cu 6355 11.49%4 6.100 1.9

Zn 65.39  38.351 7.100 1.65
Br 7990 31.059 3.050 2.96
Sn 118.71  45.830 7.700 1.96
I 126.90  38.792 5.350 2.66

#VdW: van der Waals.

chemically meaningful numbers such as the atomic
masses, the atomic polarizabilities, and so on. In the
present report, we characterized each atomic nucleus
with the following parameters (weighting scheme): the
atomic masses (M), the van der Waals volumes (V),
the atomic polarizabilities (P), atomic electronegativities
in Mulliken scale (K), and atomic electronegativities in
Pauling scale (G). The values of these atomic labels are
shown in Table 1.48-0

2.2. Background in non-stochastic and stochastic graph-
theoretic electronic-density matrices

In molecular topology, molecular structure is expressed,
generally, by the hydrogen-suppressed graph. Therefore,
a molecule is represented by a graph. Informally, a
graph G is a collection of vertices (points) and edges
(lines or bonds) connecting these vertices.’!>3 In more
formal terms, a simple graph G is defined as an ordered
pair [V(G), E(G)], which consists of a nonempty set of
vertices V(G) and a set E(G) of unordered pairs of cle-
ments of V(G), called edges.’' 3 In this particular case,
we are not dealing with a simple graph but with a so-
called pseudograph (G). Informally, a pseudograph is
a graph with multiple edges or loops between the same
vertices or the same vertex. Formally, a pseudograph
is a set V of vertices along a set £ of edges and a function
ffrom Eto {{u,v}| u,vin V} (The function f'shows which
pair of vertices is connected by which edge). An edge is a
loop if f(e) = {u} for some vertex u in V.21:2%>*

In earlier reports we have introduced new molecular
matrices that describe changes along time in the elec-
tronic distribution throughout the molecular backbone.
The n X n kth non-stochastic graph-theoretic electronic-
density matrix of the molecular pseudograph (G), M, is
a symmetric and square matrix, where # is the number of
atoms (atomic nuclei) in the molecule.?!?2-28-44 The
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coefficients “m;; are the elements of the kth power of
M(G) and are defined as follows:

my; =P, ifi # j and Je, € E(G) (1)
=0 otherwise ,

where E(G) represents the set of edges of G. P is the
number of edges (bonds) between vertices (atomic nu-
clei) v; and v, and L; is the number of loops in v;.

The elements m; = P; of such a matrix represent the
number of chemical bonds between an atomic nucleus
i and other j. The matrix M* provides the number of
walks of length k that link every palr of vertices v; and
v;. For this reason, each edge in M! represents 2 elec-
trons belonging to the covalent bond between atomic
nuclei i and j; for example, the inputs of M' are equal
to 1, 2 or 3 when single, double or triple bonds, corre-
spondingly, appear between vertices v; and v;. On the
other hand, molecules containing aromatic rings with
more than one canonical structure are represented by
a pseudograph; for instance, substituted aromatic com-
pounds such as pyridine, naphthalene, quinoline, and
so on, where the presence of pi () electrons is accounted
for by means of loops in each atomic nucleus of the aro-
matic ring. However, aromatic rings having only one
canonical structure, such as furan, thiophene, and pyr-
rol, are represented by a multigraph. In order to illus-
trate the calculation of these matrices, let us consider
the same molecule selected in the previous section. Table
2 depicts the molecular structure of this compound and
its labeled molecular pseudograph. The zero (k = 0), first
(k=1), second (k =2), and third (k = 3) powers of the
non-stochastic graph-theoretic electronic-density matrix
are also given in this table.

As it can be seen, M are graph-theoretic electronic-struc-
ture models, hke an ‘extended Hiickel theory (EHT)
model.” The M' matrix considers all valence-bond elec-
trons (o- and m-networks) in one step and its power
(k=0,1,2,3...)can be considered as interacting-electron
chemical-network models in the k step. The complete
model can be seen as an intermediate between the quanti-
tative quantum-mechanical Schrédinger equation and
classical-chemical bonding ideas.>’

The present approach is based on a simple model for the
intramolecular movement of all outer-shell electrons.
Let us consider a hypothetical situation in which a set
of atoms is free in space at an arbitrary initial time
(t9). At this time, the electrons are distributed around
the atomic nuclei. Alternatively, these electrons can be
distributed around cores in discrete intervals of time
tr. In this sense, the electron in an arbitrary atom i
can move (step-by-step) to other atoms at different dis-
crete time periods 7, (k =0, 1, 2, 3,...) throughout the
chemical-bonding network. A similar approach was
introduced by Gonzalez-Diaz et al. for a simple
graph.3%57

On the other hand, the kth stochastlc graph-theoretic
electronic-density matrix of G, S¥, can be directly ob-

tained from MX. Here, S* = [¢ s;] is a square matrix of or-
der n (n = number of atomic nuclei) and the elements “s;;
are defined as follows:

k mij mij

i = ksum, ko, )
where * my; are the elements of the kth power of M, and
the SUM of the ith row of M* are named the k- order
vertex degree of atom 7,%;. It should be remarked that
the matrix S* in Eq. 2 has the property that the sum of
the elements in each row is 1. An nXxn matrix with
nonnegative entries having this property is called a
‘stochastic matrix;?° it was introduced in QSAR
by Carbd-Dorca®® and, more recently, it was used by
Gonzilez-Diaz et al. for a simple graph®®? and by
Marrero-Ponce et al.**3! The kth s; elements are the
transition probabilities of the electrons moving from
atom i to j at discrete time periods 7. It should also
be pointed out that kth element s;; takes into consider-
ation the molecular topology in k step throughout the
chem1ca1 bonding (o- and m-) network. In this sense,
the 2 s; values can distinguish between hybrid states
of atoms in bonds. For 1nstance the self-return proba-
bility of second order (%s;) [i.e., the probability with
which an electron returns to the original atom at #,]
varies regularly according to the different hybrid states
of atom i in the molecule, for example, an electron will
have a higher probability of returnmg to the sp C atom
than to the sp®> (or sp’) C atom in 1
[P(Csp) >p(Csp2) >p(csp aromz) >p( )] (see Table 2
for more details). This is a logical result if the electro-
negativity scale of these hybrid states is taken into
account. The same analysis was reported for a simple
graph for stochastic matrix.>®

2.3. Calculation of quadratic indices for atoms, groups,
atom types, and the whole molecule

If a molecule consists of n atoms (vector of R"), then the
kth total (whole) quadratic indices are calculated as qua-
dratic forms on R” in a canonical basis set. Specifically,
the kth non-stochastic and stochastic atom-based qua-
dratic indices for a molecule, ¢,(¥) and *¢,(x), respec-
tively, are computed from these kth non-stochastic and
stochastlc graph-theoretic electronic-density matrices,
MF and S*, as shown in Eqgs. 3 and 4:21:22.28-47

sz,,xx,_ [X)'MF[X] (3)
ZZ sy = [X]'S'x] (4)

i=

where n is the number of atoms of the molecule and
X1,...,X, are the coordinates or components of the ‘mo-
lecular vector’ (¥) in a canonical (‘natural’) basis set of
R". In this basis set, the coordinates of any vector X,
namely xi,...,X,, coincide with the components of this
vector.®% Therefore, those coordinates can be consid-
ered as weights (atomic labels) of the vertices in the
molecular pseudograph. The coefficients km,, and X Sij



Table 2. (A) Chemical structure of 3-mercapto-pyridine-4-carbaldehyde and its labeled molecular pseudograph, G. (B) and (C) The zero (k = 0), first (k = 1), second (k = 2), and third (k = 3) powers of the
non-stochastic and stochastic graph-theoretic electronic-density matrices of G, respectively

(A) Molecular structure Molecular pseudograph (H atom-suppressed pseudograph)®
8
O\ 7
4 . Q Heteroatoms
5 3 SgH Vertices
O Catoms
6 2
Ny
(B) kth non-stochastic graph-theoretical electronic-density matrices, M* (k = 1-3)
Zero order (k=0) First order Second order (k = 2) Third order (k = 3)
(k=1)
1 0000O0O0O0O0 1 10001000 321012000 763236 0 01
010000O0TO0O0 111000000 232101001 677323 1 0 2
001 00O0O0O0O0 01 1100001 124210101 379832 2 2 4
000100O0TO0O0 001110100 012421121 238973 8 2 2
000O0OT1UO0O0OTO0OO 000111000 101232100 323776 2 21
000O0O0TO0OO0OO 100011000 210123000 632367 1 00
000O0O0ODO0OT1O0O0 000100020 001110500 012821 1 101
000O0O0O0OOTIO 000O0O0O0Z200 000200040 00222010 0 0
000O0O0O0CO0TO0°1 00100O0O0O0O0 01 1100001 1242101 01
(C) stochastic graph-theoretic electronic-density matrices, S¥ (k= 0-3)>
First order (k= 1) Second order (k =2) Third order (k = 3)
0.3333 0.3333 0 0 0 03333 0 0 0 0.3333 0.2222 0.1111 0 0.1111 0.2222 0 0 0 0.25 02142 0.1071 0.0714 0.1071 0.2143 0 0 0.0357
0.3333  0.3333 0.3333 0 0 0 0 0 0 0.2 0.3 0.2 0.1 0 0.1 0 0 0.1 0.1935 0.2258 0.2258 0.0967 0.0645 0.0967 0.0323 0 0.0645
0 0.25 0.25 0.25 0 0 0 0 0.25 0.0833  0.166 0.3333 0.1666 0.0833 0 0.0833 0 0.0833 0.075  0.175  0.225 0.2 0.075  0.05 0.05 0.05 0.1
0 0 0.25 0.25 0.25 0 0.25 0 0 0 0.0714 0.1429 0.2857 0.1429 0.0714 0.0714 0.1429 0.0714 0.0455 0.0682 0.1818 0.2045 0.1591 0.0682 0.1818 0.0455 0.0455
0 0 0 0.3333  0.3333 0.3333 0 0 0 0.1 0 0.1 0.2 0.3 0.2 0.1 0 0 0.0909 0.0606 0.0909 0.2121 0.2121 0.1818 0.0606 0.0606 0.0303
0.3333 0 0 0 0.3333 0.3333 0 0 0 0.2222 0.1111 0 0.1111  0.2222  0.3333 0 0 0 0.2143 0.1071 0.0714 0.1971 0.2143  0.25 0.0357 0 0
0 0 0 0.3333 0 0 0 06666 0 0 0 0.125  0.125  0.125 0 0.625 0 0 0 0.0385 0.0769 0.3076 0.0769 0.0385 0.0385 0.3846 0.0385
0 0 0 0 0 0 1 0 0 0 0 0 0.3333 0 0 0 0.6666 0 0 0 0.125  0.125  0.125 0 0.625 0 0
0 0 1 0 0 0 0 0 0 0 0.25 0.25 0.25 0 0 0 0 0.25 0.0833 0.1666 0.333  0.1666 0.0833 0 0.0833 0 0.0833

2 Each edge in M' represents two electrons belonging to the covalent bond between atoms (vertices) v; and v;; for example, the inputs of M' are equal to 1, 2 or 3 when single, double or triple bonds,
correspondingly, appear between vertices v; and v;. The presence of pi () electrons in aromatic systems such as benzene is accounted for by means of loops in each atom of the aromatic ring. Therefore,
the M matrix considers all valence-bond electrons (o- and m-networks) in one step, and their powers (k =0, 1, 2, 3...) can be considered as an interacting-electron chemical-network model in the k step.

®The zero power (k = 0) of the stochastic graph-theoretical electronic-density matrix, S°, coincides with the non-stochastic matrix one (M° = 8°).

©The values of the elements of kth matrices S* (/"s,-j) have been rounded.
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are the elements of the kth power of the matrices M(G)
and S(G), correspondingly, in the molecular
pseudograph.

The defined Egs. 3 and 4 for ¢,(¥) and °¢,(x) may also
be written in matrix form, where [X] is a column vector
(an n x 1 matrix) of the coordinates of x in the canonical
basis of R" and [X S‘ 1 X n matrix) is the transpose of
[X]. Here, M* and S* denote the matrices of quadratic
maps with respect to the natural basis set.

In addition to total quadratic indices, computed for the
whole molecule, a local-fragment (atomic and atom type
as well as group) formalism can be developed. These
descriptors are termed local non-stochastic and stochas-
tic quadratic indices, ¢y (x) and ¢y (x), corresponding-
ly.2122.28-47 The definition of these descriptors is as
follows:

e (X Z Z mijxix; = [X] Mﬁ X] (5)

g (%) = Z Z sty = [X]'S;[X] (6)

where 7 is the number of atoms (atomic nuclei) in the
fragment of interest and * Mgy [l‘s,jL] is the kth element
of the row 7 and column ‘" of the local matrix M
[Sk] This matrix is extracted from the M* [S¥] matrlx
and contains information referring to the vertices
(atomic nuclei) of the specific molecular fragments
and also of the molecular environment 1n k steps.
The matrix M} [S’L‘] with elements * myr [s,,L] is de-
fined as follows:

“myj [Fsi) ="mi;[*s;;.] if both v; and v, are atoms
contained within the molecular fragment
=1/2"my[Fs;;z] if either v; or v; is an atom
contained within the molecular fragment
=0 otherwise (7)

These local analogues can also be expressed in matrix
form for each molecular vector x € R". It should be re-
marked that the scheme above follows the spirit of the
Mulliken population analysis of atomic net charges.®
It should also be pointed out that for every partitioning
of a molecule into Z molecular fragments, there will be
Z local molecular fragmental matrices. In this case, if a
molecule i is partitioned into Z molecular fragments, the
matrix M* [S¥] can be partitioned into Z local matrices
M" [S’{] L=1,...,Z, and the kth power of matrix M [S]
is exactly the sum of the kth power of the local Z matri-
ces. Therefore, the total non-stochastic and stochastic
quadratic indices are the sum of the non-stochastic
and stochastic quadratic indices, respectively, of the Z
molecular fragments:

(=30 ®

= Z KT (X) (9)

Atomic, atom-type, and group quadratic fingerprints are
specific cases of local quadratic indices. First, it should
be noted that atomic quadratic indices, ¢,(x;) and
*q,(%;), can be computed for each atom i in the molecule
and contain electronic and topological structural infor-
mation from all other atoms within the structure. The
values of atom-level quadratic indices for the common
scaffold atoms can be directly used as variables in seek-
ing a QSPR/QSAR model, as long as these atoms are
numbered in the same way in all molecules in the data-
base. As it can be seen, the kth total quadratic indices
(both non-stochastic and stochastic) are calculated by
summing the atomic quadratic indices of all atoms in
the molecule.

Moreover, the atom-type quadratic indices can also be
calculated as local MDs. In the same way, as atom-
type E-state values®® and other local descriptors>-¢7-68
for all data sets (including those with a common skel-
etal core as well as those with very diverse structures),
these novel local MDs provide much useful informa-
tion. That is, this approach provides the basis for
application to a wider range of problems to which
the atomic quadratic indices formalism is directed with-
out the need for superposition. For this reason the
present method represents a significant advantage over
traditional QSAR methods. The atom-type quadratic
descriptors are calculated by adding the kth atomic
quadratic indices for all atoms of the same type in
the molecule. This atom-type index allows a group
additive-type scheme in which an index appears for
each 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 —-F, -OH, =0, —-CH3, and so on.%®
That is to say, each atom in the molecule is categorized
according to a valence-state classification scheme includ-
ing the number of attached H atoms.®® The atom-type
descriptors combine three important aspects of structur-
al information: (1) collective electron and topologic
accessibility to the atoms of the same type (for each
structural feature: atom or hybrid group such as —Cl,
=0, —-CH,-, etc.), (2) presence/absence of the atom type
(structural features), and (3) count of the atoms in the
atom-type sets.

Finally, these local MDs can be calculated for a chemi-
cal (or functional) group in the molecule, such as hetero-
atoms (O, N, and S in all valence states and including
the number of attached H atoms), hydrogen bonding
(H-bonding) to heteroatoms (O, N, and S in all valence
states), halogen atoms (F, Cl, Br, and I), all aliphatic
carbon chains (several atom types), all aromatic atoms
(aromatic rings), and so on. The group-level quadratic
indices are the sum of the individual atom-level quadrat-
ic indices for a particular group of atoms. For all data
set structures, the kth group-based quadratic indices
provide important information for QSAR/QSPR
studies.
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2.4. 3D-chiral extended non-stochastic and stochastic
quadratic indices for atoms, atom types, and group as well
as for whole molecule

The total and local, non-stochastic, and stochastic qua-
dratic 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 the molecular vector
%2842 In this sense, a chirality molecular vector is
obtained (*x), where the components of x (for instance,
Mulliken electronegativity (x5) of the atom A) are
substituted by the following term {xA + sin[(w, +
4M)7rl2)]}.

The trigonometric 3D-chirality correction factor uses a
dummy variable, w4, and an integer parameter, 4:2542

w, =1 and 4 is an odd number when 4 has R(rectus),
E(entgegen), or a(axial)notation according to the
Cahn-Ingold—Prelog(TUPAC)rules

=0 and 4 is an even number, if 4 does not have 3D
specific enviroment,

= —1 and 4 is an odd number when A4 has
S(sinister), Z(zusammen), or e(equatorial)notation

according to Cahn—Ingold—Prelog rules. (10)

Thus, this 3D-chirality factor sin[(w, + 44)n/2] takes
different values in order to codify specific stereochem-
ical information such as chirality, Z/E isomerism, and
so on. This factor takes, therefore, values in the fol-
lowing order 1>0> —1 for atoms that have specific
3D environments. The chemical idea here is not that
the attraction of electrons by an atom depends on
their chirality, due to the fact that experience shows
that chirality does not change the electronegativities
of the atoms in the molecule in an isotropic environ-
ment in an observable way.®® This correction, as
pointed out by Gonzalez-Diaz et al.,’*”! has principal-
ly a mathematical meaning and must not be source of
any misunderstanding.

A severe limitation of the Golbraikh, Bonchev, and
Tropsha (GBT)?? approach is the existence of different
chirality corrections and we had great difficulty in
selecting one of these. In this sense, Gonzalez-Diaz
et al.”? introduced an exponential chirality factor
[(exp (w44)], which eliminated indetermination in the
selection of chirality and 3D scales for stochastic topo-
logical indices. Unfortunately, this exponential factor
does not solve the problem in GBT-like approaches.’?

Therefore, the present trigonometric 3D-chiral correc-
tion factor is invariant with respect to the selection
of other chirality scales for all kinds of such chiral
topological indices (GBT-like ones). Table 3 depicts
the values of the trigonometric 3D-Chirality correction
factor for all allowed values of w, and 4 (GBT-like
chirality scale and other alternative chirality scales).
In this table, it is clearly shown 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 over the values 1, 0, and —1 for R,
non-chiral, and S atoms, correspondingly. 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 m-isomerism is straightforward to
realize by homology. Henceforth, we do not need to
answer the question regarding the best value for chi-
rality correction, at least for linear scales.”? 74

A very interesting point is that the present 3D-chiral
descriptor reduces to simple (2D) non-stochastic and
stochastic quadratic indices, for molecules without spe-
cific 3D characteristics because sin[(0 + 44)n/2] =0,
being A zero or any integer (particularly even) number.
Therefore, when all the atoms in the molecule are not
chiral, the TOMOCOMD-CARDD MDs or any GBT-
like chiral topological index do not change upon intro-
duction of this factor. This means that *x = x and, thus,

4, (%) = g, (%)
The following descriptors were calculated in this work:

(1) kth total 3D-chiral quadratic indices not consider-
ing and considering H atoms in the molecular
pseudograph (G) [*¢,(x) and *¢}'(x), respectively].

(i1) kth local (atomic group = heteroatoms: S, N, O)
3D-chiral quadratic indices not considering and
considering H atoms in the molecular pseudog-
raph (G) [*q,.(xg) and "¢l (xg), correspondingly].
These local descriptors are putative H-bonding
acceptors; in addition, charge as well as dipole
moment.

(ii1) kth local (atomic group = H-atoms bonding to het-
eroatoms: S, N, O) 3D-chiral quadratic indices con-
sidering H atoms in the molecular pseudograph (G)
[*git (xe—n)]. These local descriptors are putative H-
bonding donors.

The kth stochastic total [+°q,(x) and *¢(x)] and local
[*qu (x8), g (xg), and *¢f (xp — H)] 3D-chiral qua-
dratic indices were also computed. All these molecular
descriptors were calculated with the in-house TOMO-

COMD-CARDD software.”?

Table 3. Values of trigonometric 3D-chirality correction factor {sin[ (w4+44)n/2)]} within the allowed domain

Wy

WR= 1 1 1 1
Dnon-chiral = 0 0 0 0
o= —1 -1 -1 -1
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3. Results and discussion

The molecular set used in our study is made up of 31 ste-
roids for which the binding affinity to the corticosteroid-
binding globulin was measured. The so-called Cramer’s
steroid data set is well known to QSAR researchers,>2°
and the molecular structures have already been depicted
in several papers, so they are not shown here. For more
details, see, for example, Figure 1 in Ref. 4 or Figure 1 in
Ref. 11. Table 4 gathers the entire studied set with the
actual binding affinities, taken from Robert et al.!?
The obtained models are given below together with their
statistical parameters:

CBG = —6.39(£0.08) — 6.75(£1.04)" g, (xt)

+ 5.72(£1.06) g,y (xE)

—0.43(40.15) ¢y (xg_1)

4 2.47(£0.72) ¢ (x) — 0.73(£0.21) ¢y (x)

— 1.56(0.57)"¢% (x) (11)
N=31; R=0924; R =0855 F(6,24)=23.50;
5=046; ¢*=0781: sy =051; p<0.000]

Table 4. Results for the steroids data set used for QSAR study

CBG = —6.39(£0.08) + 36.47(9.94) "¢}, (x)
— 37.15(£9.92)"¢" (x)
+4.46(£1.13)" g4y (xg)

XE)

+ 3.34(£1.07)%g¢p (xg

— 7.71(£1.54) ¢ (xg)

— 7.28(£1.08)q 4 (xE—1)

+ 7.64(£1.09)"q5; (xg_11) (12)
N =31; R=0.929; R*=0.863; F(7,23)=20.75;
s=046; ¢*=0.735; s, =0.56 p < 0.0001

As it can be seen, the non-stochastic model (Eq. 11) ex-
plains more than 85% of the variance of the experimen-
tal CBG values using six variables to describe the 31
steroids, while the stochastic model (Eq. 12) explains
more than 86% of this experimental value using seven
variables. Both models showed a small value of standard
deviation (s = 0.46).

An important aspect of QSAR modeling is the devel-
opment of a way to validate the model. Good direct

Observed CBG affinity (pK,)* Pred value® % E° % Eed  Pred value® % E° % E. 8
1 Aldosterone —6.279 —6.259 0.324 0.367 —6.339 —0.955  —=3.237
2 Androstanediol —5.000 —5.500 —-9.996 —15.287 —4.641 7.172 8.753
3 Androstenediol —5.000 —5.026 —0.511  —-0.624 —5.008 —0.169  —0.250
4 Androstenedione —5.763 —6.257 —8.581 —10473 —6.615 —-14.791 -17.111
5 Androsterone —5.613 —5.286 5.829 7.106 —5.526 1.550 1.906
6 Corticosterone —7.881 —7.242 8.110 9.038 —7.204 8.586 10.403
7  Cortisol —17.881 —7.226 8.315 10.163 —-7.370 6.483 7.951
8 Cortisone —6.892 -7.212 —4.638 —6.224 —6.908 —0.232  -0.301
9 Dehydroepiandrosterone —5.000 —4.713 5.743 7.508 —5.094 —-1.873  -2.113
10 Deoxycorticosterone —7.653 —7.081 7.479 8.141 —7.067 7.660 8.589
11 Deoxycortisol —7.881 —7.238 8.164 9.249 —-7.393 6.194 7.436
12 Dihydrotestosterone -5.919 —5.570 5.904 7.330 5477 7.461 8.390
13 Estradiol —5.000 —5.096 —-1.922  -3.054 -5.454 -9.070 —13.408
14 Estriol —5.000 —5.061 —-1.217 —-2435 -4.937 1.268 1.926
15 Estrone —5.000 —4.747 5.060 8.780 —5.175 —3.502 —4.838
16 Ethiocholanolone —5.255 —5.286 -0.586 —0.714 —5.526 —-5.157 -6.341
17 Pregnenolone —5.255 —5.579 —6.157  —7.064 —5.671 —-7918  —9.156
18 17-Hydroxyregnenolone —5.000 —5.536 —-10.712 —16.112 —5.598 —11.967 —17.313
19 Progesterone —7.380 —6.939 5.981 7.013 -7.110 3.652 4.252
20 17-Hydroxyprogesterone —17.740 —7.071 8.637 10.090 -7.116 8.059 9.626
21 Testosterone —6.724 —6.572 2.259 2436 —6.619 1.569 1.968
22 Prednisolone -7.512 -7.812 —-3987 5421 -7.830 —4.234  —-5.684
23 Cortisolacetate —7.553 —7.789 -3.125  -3.907 -7.957 —5.345 —12.580
24  4-Pregnene-3,11,20-trione —6.779 —7.069 —4.282 —5.672 —6.587 2.831 3.741
25 Epicorticosterone —7.200 —7.425 —-3.130  -3.581 -7.671 —6.543  —8.439
26 19-Nortestosterone —6.144 —6.549 —6.587 —8.529 -6.016 2.079 2.495
27 160,17a-Dihydroxyprogesterone —6.247 —7.232 —15.760 —16.963 —5.715 8.513 12.495
28 16a-Methylprogesterone —7.120 —7.243 —-1.723  -3.157 -7.319 —-2.795  =3.742
29  19-Norprogesterone —6.817 —6.949 —-1.931 -2317 -6.936 —1.748  —-2.024
30 2o0-Methylcortisol —7.688 —7.756 -0.882 —1.095 -8.122 —5.646  —8.039
31 2a-Methyl-9a-fluorocortisol —5.797 —5.657 2412 5.708 —5.970 —2.988 —17.663

#Observed CBG affinity values taken from Ref. 13.
®Predicted CBG affinity values using Eq. 11.
¢ Percentage of relative error; % E = 100 x [Obsd x Pred/Obsd].

d Percentage of relative errors in leave-one-out cross-validation procedure; % E., = 100 x [Obsd x Pred; oo.cv/Obsd].

¢ Predicted CBG affinity values using Eq. 12.
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statistical criteria to fit the data set are not a guaran-
tee that the model can make accurate predictions for
compounds outside the data set. The leave-one-out
(LOO) statistic has been used as a means of demon-
strating predictive capability. These models showed
cross-validation square correlation coefficients of
0.781 and 0.735, respectively. These values of
¢*(¢> > 0.5) can be considered as a proof of the high
predictive ability of the models.”®7°

Now we are going to discuss the non-coincidence of the
molecular descriptors used in Egs. 11 and 12. To devel-
op this topic, we must first analyze the analogue equa-
tions. The new Eqgs. 11a and 12a are analogues of Egs.
11 and 12, correspondingly; these new equations with
their statistical parameters are shown below:

CBG = —6.39(40.12) — 0.36(%1.35)" g0, (xE)
—0.57(+1.41)"g,,, (xg)
+0.17(£0.24)" g5y (xg-u)
+6.63(£1.77)% ¢, (x)

— 5.64(+1.62)"¢,5(x)
( )

— 0.88(£0.42)"¢" (x) (11a)

N =31,
s = 0.68;

R = 0.826;
» < 0.0001

R2=0.628; F(6,24) = 8.583;

CBG = —6.39(£0.11) — 0.07(£1.65) ¢! (x)
—0.51(£1.65
4 2.41(£0.84
+1.55(0.81
—3.56(£1.23
— 8.56(£1.96
+8.74(£1.98

“q15(x)

“qoL (xE)

gL (¥E)

45 (xx)
14 (Xe-1)

G151 (Y1)

*

*

%

~~ Y~ o~~~ o~
— ) — ~— ~— ~—

(12a)
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N = 31; R* =0.775;

s = 0.58;

R =0.881;
p < 0.0001

F(7,23) = 11.34;

Even when these new equations are both significant
from the statistical point of view each of them presents
£hree n(*)n-signiﬁcant , parameters, which  are
*¢1ou(xE), *quiL(xp), and ¢ (xpn) for model 1la as
well as ¢l (x), “¢%(x), and "geL(xg) for model 12a. In
addition, it is remarkable that the statistical parameters
of the analogue equations are worse in comparison with
the statistical parameters of the original equations (Egs.
11 and 12). The determination coefficient decreases from
0.855 (Eq. 11) to 0.628 (Eq. 11a) and from 0.863 (Eq. 12)
to 0.775 (Eq. 12a); the standard deviation increases the
value from 0.46 (Eq. 11) to 0.68 (Eq. 11a) and from
0.46 (Eq. 12) to 0.58 (Eq. 12a). Therefore, we can say
that the transformations of the non-stochastic descrip-
tors into stochastic descriptors and vice versa do not im-
prove the parameters of the models.

As we mentioned above, in this study we used the entire
data set as training set and LOO cross-validation as a
procedure to verify the predictive power of the model.
On the other hand, in the development of our study
no compound was detected as statistical outlier, but
some compounds of this data set have been reported
as outliers in many other researches.®>13:16.29.80.81 1y
addition, it is remarkable that different validation proce-
dures have been used for this data set, but the LOO
cross-validation is the most widely used. Specifically, the
values of cross-validation square correlation coefficients
have been used for the sake of comparability.'>?® As we
previously pointed out, one of the objectives of the present
report is to compare with other 3D-QSAR methods used
for describing the property under study. For that reason,
we only take into account QSAR models that used the en-
tire data set of 31 steroids. The results of these works are
summarized in Table 5, where the results were arranged in
decreasing value of ¢* and the comparison can be more
easily carried out. However, it should be remarked that

Table 5. Comparison of 3D-chiral quadratic indices prediction for the CBG of the steroid data set with other 3D QSAR approaches

2

QSAR method N n Statistical method q Reference
Similarity matrices-based molecular descriptors 31 6 genetic NN 0.940 9
TQSAR 31 6 MLR after PCA 0.842 13
3D-chiral linear indices (stochastic) 31 7 MLR 0.788 28
3D-chiral quadratic indices (non-stochastic) 31 6 MLR 0.781 Eq. 11
MEDV 31 5 GA and RLM 0.777 20
TQSI 31 3 MLR 0.775 14
3D-chiral linear indices (non-stochastic) 31 6 MLR 0.767 28
MEDV 31 6 GA and RLM 0.765 20
3D-chiral quadratic indices (stochastic) 31 7 MLR 0.735 Eq. 12
Similarity indices 31 1 PLS 0.734 16
E-state and kappa shape index 31 4 MLR* 0.730 18
MQSM 31 4 MLR after PLS 0.727 19
E-state and kappa shape index 31 4 MLR 0.720 18
MQMS 31 3 MLR and PCA 0.705 14
CoMMA 31 6 PCR 0.689 81
MEDV 31 4 GA and RLM 0.648 20
Wagener’s 31 — k-NN and FNN 0.630 5

N, number of steroids; 7, number of variables; qz, leave-one-out cross-validated coefficient of determination.

#One variable has a non-linear relationship.
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the present QSAR method, non-stochastic and stochastic
3D-chiral quadratic indices, obtains results comparable
to those of other highly predictive QSAR models even
when they use more sophisticated statistical methods such
as partial least squares, principal component analysis,
non-linear neural network techniques, and so on. Many
of the model objects of comparison were obtained from
different procedures based on quantum mechanics and/
or geometric principles as well as molecular mechanical
approaches.

4. Conclusions

The aims of this work were: First, to demonstrate that
3D-chiral quadratic indices can be successfully applied
to predict the corticosteroid-binding globulin binding
affinity of the Cramer’s steroid data set. In this sense,
two models were developed which have good statistical
parameters and adequate predictive power evidenced
in the regression’s statistical parameters and in the val-
ues of the leave-one-out press statistics. Second, to com-
pare our result with those of other methods previously
reported. From the previous analysis we can conclude
that, for this data set, the 3D-chiral quadratic indices
exhibit better or similar predictive ability when com-
pared to those of other previously reported 3D-QSAR
Methods.

5. Experimental
5.1. Data set

The molecular set used in this study is a well-known set
for QSAR researches; it has already been studied by
several authors.*>%!11"18 Ag previously indicated, the
steroid data set has been repeatedly employed by
QSAR researches since it was introduced by Cramer
et al. in 1988 using the CoOMFA method.* Other meth-
ods used for developing 3D-QSAR models for this data
set were Comparative Molecular Similarity Indices
Analysis (CoMSIA),!? Molecular Quantum Similarity
Measures (MQSM),!* Topological Quantum Similarity
Indices (TQSI),!* Comparative Molecular Moment
Analysis (CoMMA)''37, and Mapping Property
(MaP) Distributions of Molecular Surfaces!> among
others.>%:16-20

5.2. Computational strategies

For the computation of 3D-chiral quadratic indices we
used the TOMOCOMD software.” It is an interactive
program for molecular design and bioinformatics re-
search, which consists of four subprograms: CARDD
(Computed-Aided Rational Drug Design), CAMPS
(Computed-Aided Modeling in Protein Science), CA-
NAR (Computed-Aided Nucleic Acid Research), and
CABPD (Computed-Aided Bio-Polymers Docking). In
this study, we used the CARDD module for the calcula-
tion of non-stochastic and stochastic 3D-chiral quadrat-
ic indices considering and not considering H atoms in
the molecule.

The main steps for the application of the present method
in QSAR/QSPR and drug design can be summarized
briefly in the following algorithm:

1. Draw the molecular structure for each molecule of
the data set, using the software drawing mode. This
procedure is performed by a selection of the active
atomic symbol belonging to the different groups in
the periodic table of the elements.

2. Use appropriate weights in order to differentiate the
molecular atoms. The weights used in this work are
those previously proposed for the calculation of the
DRAGON descriptors,*% that is, atomic mass
(M), atomic polarizability (P), atomic Mulliken elec-
tronegativity (K), van der Waals atomic volume (V)
plus the atomic electronegativity in Pauling scale
(G).*® The values of these atomic labels are shown
in Table 1.43-50

3. Compute the total and local (atomic and atom-type)
non-stochastic and stochastic quadratic indices. It
can be carried out in the software calculation mode,
where one can select the atomic properties and the
descriptor family previously to calculate the molecu-
lar indices. This software generates a table in which
the rows correspond to the compounds and columns
correspond to the total and local quadratic maps or
other molecular descriptor family implemented in this
program.

4. Find a QSPR/QSAR equation by using several multi-
variate analytical techniques, such as multilinear
regression analysis, neural networks, linear discrimi-
nation analysis (LDA), and so on. Therefore, we
can find a quantitative relation between an activity
A and the quadratic fingerprints having, for instance,
the following appearance,

A = a5q(x) + @19, (¥) + 64> (x) + -+ arg,(x) + ¢
(13)

where A is the measured activity, "¢x(x) are the kth
total 3D-chiral quadratic indices, and the a;’s are
the coefficients obtained by the linear regression
analysis.

5. Test the robustness and predictive power of the
QSPR/QSAR equation by using internal validation
technique.

5.3. Statistical analysis

Statistical analysis was carried out with the STATISTI-
CA software.’? The considered tolerance parameter
(proportion of variance that is unique to the respective
variable) was the default value for minimum acceptable
tolerance, which is 0.01. Forward stepwise procedure
was selected as the strategy for variable selection. The
principle of parsimony (Occam’s razor) was taken into
account as strategy for model selection. In this connec-
tion, we selected the model with a high statistical signi-
fication but having as few parameters («ay) as possible. A
Multiple Linear Regression (MLR) was carried out to
predict the CBG binding affinity of the steroid data
set. The quality of models was determined by examining
the regression’s statistical parameters. Therefore, the
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quality of models was determined by examining the
determination coefficients (also known as square regres-
sion coefficients, R?), Fisher-ratio’s p levels [p(F)], and
standard deviations of the regression (s).%> The leave-
one-out press statistics (¢°, sey)°%7 has been used as a
means of demonstrating predictive capability.
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