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Abstract

Molecular graph descriptors are used, together with a large diversity of geometric, electrostatic, and quantum indices, to
model physical, chemical, or biological properties with quantitative structure—property relationships and quantitative struc-
ture—activity relationships. The interest of developing new graph descriptors for organic compounds was stimulated in recent
years by their use in virtual screening of combinatorial libraries, database mining, similarity and diversity assessment. Recently,
we have extended topological indices by defining a series of molecular graph operators, providing an effective systematization
and generalization of these structural descriptors. A graph operator uses a mathematical equation to compute a family of related
molecular graph descriptors with different molecular matrices and various sets of parameters for atoms and bonds. In this paper
we use structural descriptors computed with molecular graph operators to develop quantitative structure—activity relationships
(QSAR) models for the dihydrofolate reductase inhibition with diaminopyrimidines. The molecular descriptors are derived
from five molecular matrices, namely adjacency A, distance D, reciprocal distance RD, distance-path D), and reciprocal
distance-path RD,,. The QSAR models are obtained by selecting descriptors with a genetic algorithm, and the best models
are validated with the leave-one-out cross-validation method. The QSAR models with the highest prediction power are
comparable with those obtained with substituent constants and neural networks, but they use a much lower number of
parameters. © 2002 Elsevier Science B.V. All rights reserved.

Keywords: Structural descriptors; Molecular graph operators; Dihydrofolate reductase inhibitors; Genetic algorithm; Quantitative structure—
activity relationships

1. Introduction express in a numerical form the chemical structure.
Such structural descriptors can be used to model

A large number of constitutional, topological, physical, chemical, or biological properties with
geometric, electrostatic, and quantum indices were quantitative structure—property relationships (QSPR)
introduced in theoretical chemistry with the aim to and quantitative structure—activity relationships

(QSAR). The most efficient software used in QSPR

or QSAR studies integrate the computation of struc-
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SciQSAR,' CODESSA [7-13], Cerius®,? were used
with success in developing a large number of QSPR
and QSAR models; these programs compute more
than one thousand structural descriptors from the
above five classes, a significant fraction of them
being derived from the molecular graph. A survey
of the QSPR and QSAR models developed with
these programs shows that molecular graph descrip-
tors and topological indices are used with success to
model various properties, and demonstrates that they
are valuable descriptors of the chemical structure.
Molecular graphs are non-directed chemical graphs
that represent, in different conventions, molecules. In
the graph representation of molecules the geometrical
features, like bond lengths or bond angles, are not
considered and the chemical bonding of atoms is
regarded as being their most important characteristic.
In molecular graphs vertices correspond to atoms and
edges represent covalent bonds between atoms. Using
molecular graphs the chemical structure of an organic
compound can be expressed by means of various
graph matrices, polynomials, spectra, spectral
moments, sequences counting distances, paths, and
walks, or topological indices [14-23]. When
compared with other classes of structural descriptors,
such as geometric, quantum, or grid (field) descrip-
tors, topological indices (TIs) have some important
advantages because they can be easily computed
from the molecular graph and they offer a simple
way of measuring molecular branching, shape, size,
complexity, and molecular similarity. On the other
hand, because TIs are global descriptors of the mole-
cular graph, they do not contain explicit information
regarding the number of functional groups, pharma-
cophores, volume, surface area, interatomic distances,
charge distribution, orbital energy, or electrostatic
potential; for the generation of QSPR and QSAR
models such information must be provided by other
structural descriptors. Considering the advantages of
graph invariants, TIs represent valuable descriptors

! SciQSAR, SciVision, Inc., 200 Wheeler Road, Burlington, MA
01803, USA. Tel.: +1-781-272-4949; fax: +1-781-272-6868, e-
mail: scivision@delphi.com, www http://www.scivision.com.

2 Cerius2 3.0 QSAR + , Molecular Simulations Inc., 9685 Scran-
ton Road, San Diego, CA 92121-3752. Fax: +1-619/458-0136,
1997.

that complement (and do not substitute) the structural
information encoded in other classes of descriptors.

Recently we have introduced molecular graph opera-
tors as an extension of topological indices; a graph
operator uses a mathematical equation to compute a
family of related molecular graph descriptors with
different molecular matrices and various sets of para-
meters for atoms and bonds [19,24,25]. The large major-
ity of the topological indices proposed in the literature
were derived from the adjacency and the distance
matrix. In the last years, several new molecular matrices
were defined and used to compute new structural
descriptors [19,20]. The use of molecular graph opera-
tors introduces a systematization of topological indices
by putting together all descriptors computed with the
same mathematical formula or algorithm. As a conse-
quence, when new molecular matrices are introduced
there is no need to invent new names and symbols for
the topological indices derived from them; the notation
of graph operators is simple and general, and can accom-
modate new matrices, weighting schemes, and any para-
meter used in the definition of a family of topological
indices. In this paper we use structural descriptors
computed with molecular graph operators to develop
QSAR models for the dihydrofolate reductase inhibition
with diaminopyrimidines. The molecular descriptors
are derived from five molecular matrices, namely adja-
cency A, distance D, reciprocal distance RD [26—29],
distance-path D, [30,31], and reciprocal distance-path
RD, [30,31].

2. Method

Data. The QSAR models were developed for the
inhibition of dihydrofolate reductase by a set of 68
2,4-diamino-5-(substituted-benzyl) pyrimidines
whose general formula, substituents, and experimen-
tal activity are presented in Table 1. This set of
compounds has been extensively investigated by
Hansch [32,33]. The proposed QSAR was formulated
with a multi-linear regression (MLR) model and used
empirical substituent constants [34] in an equation
with eight adjustable coefficients:

log(1/K) = 6.65 + 0.95MR’ + 0.89MR% + 0.80MR,

—0.21MR] + 1.587% — 1.77 log(B10™ + 1) (1)
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Table 1

Structures of the pyrimidines congeners, observed dihydrofolate
reductase inhibitory activities, calibration and prediction and resi-
duals computed with the QSAR model represented by Eq. (17) from

Table 2
NH,
CH, X
N 7
ety
N7 N

No. X log (1/K)

exp resyir’  res oo’
1 4-O(CH,)sCH; 6.07 —0.25 —0.28
2 4-O(CH,)¢CH; 610 —0.09  —0.12
3 H 6.18 0.04 0.03
4 4-NO, 6.20 —0.16 —0.16
5 3-F 6.23 —-0.24 —-0.24
6 3-O(CH,);CH; 6.25 —0.02 —0.05
7 3-CH,OH 6.28 —0.21 —-0.22
8 4-NH, 6.30 —0.03 —0.04
9 3,5-(CH,0H), 6.31 —0.60 —0.60
10 4-F 6.35 —0.02 —0.02
11 3-O(CH,)¢CH; 6.39 —0.02 —0.05
12 4-OCH,CH,0OCH; 6.40 —0.27 —0.28
13 4-OH 6.45 0.11 0.10
14 4-Cl 6.45 —0.09 —0.09
15 3,4-(OH), 6.46 -0.22 —-0.22
16 3-OH 6.47 0.04 0.04
17 4-CH;, 6.48 0.07 0.06
18 3-OCH,CH,OCH; 6.53 —0.36 —0.37
19 3-CH,0(CH,);CH; 6.55 —0.02 —0.03
20 3-OCH,CONH, 6.57 —=0.17 —0.18
21 4-OCF; 6.57 —0.08 —0.08
22 3-CH,0CH; 6.59 —0.16 —0.16
23 4-0OS0O,CH; 6.60 —0.40 —0.40
24 3-Cl 6.65 0.04 0.04
25 3-CHj; 6.70 0.22 0.21
26 4-N(CHj3), 6.78 —=0.12 —=0.13
27 3-O(CH,);CH; 682  0.06 0.05
28 4-OCHj; 6.82 0.16 0.16
29 4-Br 6.82 —0.03 —0.04
30 3-OH, 4-OCHj;4 6.84 —0.17 —=0.17
31 3-O(CH,);CH; 686 031 0.29
32 4-NHCOCH; 6.89 0.25 0.25
33 4-O(CH,):CH, 689 035 033
34 4-OCH,C¢H; 6.89 0.04 0.03
35 3-0S0,CH; 6.92 —0.30 —-0.30
36 3-OCH; 6.93 0.13 0.13
37 4-CHs 693 —018  —0.19
38 3-Br 6.96 0.03 0.03
39 3-NO,,4-NHCOCH; 6.97 0.23 0.24
40 3-OCH,C¢Hs 6.99 —0.12 —-0.12
41 3-CF; 7.02 0.15 0.15

Table 1 (continued)

No. X log (1/K)

exp resyir®  TeSLoo’
42 3,5-(CH3), 7.04 0.18 0.18
43 3,4-OCH,0 7.13 0.05 0.06
44 3-O(CH,),CH3,4-OCH;3 7.16 0.28 0.26
45 3,5-(0OCHs;),,4-O(CH,),CH;  7.20 —0.16 —0.18
46 3,4-(OCH,CH,0CH3), 7.22 —0.26 —0.27
47 31 7.23 0.13 0.12
48 3-OCH,CH3,4-OCH,C¢Hjs 7.35 —0.08 —0.08
49 3,5-(0CsH), 741 —011  —0.12
50 3-OCHj;,4-OCH,C¢Hj5 7.53 0.13 0.12
51 3-OCH;,4-OH 7.54 0.47 0.48
52 3,5-(OCH,CHj3;),,4-pyrryl 7.66 —0.17 —0.17
53 3-OCH,C¢Hs;,4-OCH, 766 013 0.13
54 3,5-(OCH,CHs), 7.69 0.12 0.12
55  3-OC,Hs,5-OC;H, 769 015 0.14
56 3-CF;,4-OCH; 7.69 0.27 0.27
57 3,5-(OCH,),4-N(CH,), 771 —063  —0.62
58 3,5-(OCHs), 7.71 0.23 0.23
59 3,4-(OCH3), 7.72 0.32 0.32
60 3-OCH;,4-OCH,CH,0OCH; 7.77 0.36 0.36
61 3-0S0,CHj;,4-OCHj; 7.80 0.06 0.07
62 3,4,5-(CH,CH3); 7.82 0.24 0.23
63 3-OCH;4-0SO,CH; 794 028 0.29
64 3,5-(OCH;),,4-SCH; 8.07 -0.10 —-0.09
65 3,4,5-(OCHj3); 8.08 0.03 0.04
66 3,5-(OCH;3),,4- 8.12 —-0.07 —0.06

C(CH;)=CH,
67 3,5-(OCH;3),,4-Br 8.18 —-0.12 —=0.11
68 3,5-(OCH3),,4- 8.35 0.36 0.36
O(CH,),OCH;

¢ IeSMLR = IOg(I/K)cxp — log(1/K)ca1 Eq. (17).
® res; 00 = 0g(1/K)exp — log(1/K)pye Eq. (17).

with log B = 0.175, MR} = 1.85, and 73 = 0.73. The
same set of data has been studied by Richards [35]
with the aid of an artificial neural network with four
input neurons, six hidden neurons, and one output
neuron. The neural network, with 38 adjustable coef-
ficients, gave better results at the expense of a much
larger number of optimizable parameters.

Weighting schemes. In the chemical graph theory,
an organic compound containing heteroatoms and
multiple bonds can be represented as a vertex- and
edge-weighted molecular graph [18,19,24]. A vertex-
and edge-weighted (VEW) molecular graph G
consists of a vertex set V = V(G) an edge set
E = E(G), a set of chemical symbols of the vertices
Sy = Sy(G), a set of topological bond orders of the
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edges Bo = Bo(G), a vertex weight set Vw(w) =
Vw(w,G) and an edge weight set Ew(w) =
Ew(G). The elements of the vertex and edge
weight sets are computed with the weighting
scheme w. Usually, hydrogen atoms are not
considered in the molecular graph, and in a
VEW graph the weight of a vertex corresponding
to a carbon atom is 0, while the weight of an edge
corresponding to a carbon—carbon single bond is
1. Also, the topological bond order Bo; of an edge
e;; takes the value 1 for single bonds, 2 for double
bonds, 3 for triple bonds and 1.5 for aromatic
bonds. Several procedures for computing vertex
and edge weights were proposed in the literature
[36-41].

In a weighting scheme w the vertex Vw and edge
Ew parameters are computed from a property p; asso-
ciated with every vertex v; from G, v; € V(G), and the
topological bond order Bo of all edges from the mole-
cular graph. The vertex parameter Vw;,w) for the
vertex v; is:

Vwi(w) =1 — pc/p; )

and the edge parameter Ew;(w) for the edge between
vertices v; and v; is:

EW;j(W) = PCPC/BOijPin 3

where p; is the atomic property of vertex v;, p; is the
atomic property of vertex v;, and pc is the atomic
property for carbon atom. Several weighting schemes
for molecular graphs were defined by applying Eqs.
(2) and (3) to different atomic properties [39]: A, when
p is the atomic mass; P, when p is the atomic polariz-
ability; E, when p is the atomic electronegativity; R,
when p is the atomic radius. Similar equations were
used to define the X, Y [38], and Z [36] weighting
schemes.

The AH weighting scheme [39] uses the following
equation to define the vertex parameter Vw;(AH) for
the non-hydrogen atom i:

Vw,(AH) = 1 — Ac/(A; + NoH,Ay)
=1 —12.011/(A; + 1.0079NoH,) )

The edge parameter Ew;(AH) for the bond between

atoms i and j is defined with the equation [39]:
Ew;(AH) = AcAc/Boy(A; + NoH;Ay)(A; + NoH;Ay)

= 12.011 X 12.011/Bo;(A; + 1.0079NoH;)

X (A; + 1.0079NoH;) )

where Ac = 10.011 is the atomic mass for carbon,
Ay = 1.0079 is the atomic mass for hydrogen, NoH;
is the number of hydrogen atoms bonded to the heavy
atom #, and NoH; is the number of hydrogen atoms
bonded to the heavy atom j.

Molecular matrices. In this study the graph descrip-
tors are computed from the following five molecular
matrices: adjacency A, distance D, reciprocal distance
RD [26-29], distance-path Dy, [30,31], and reciprocal
distance-path RD, [30,31].

Structural descriptors. The scope of this paper is to
investigate the ability of structural descriptors computed
from molecular graph operators to generate good QSAR
models for the inhibition of dihydrofolate reductase by
diaminopyrimidines. Owing to the complexity of the
molecular structure, it seems to be impossible to expect
that a single set of descriptors would contain all the
relevant information. This is the main reason why
QSPR and QSAR models are developed by selecting
descriptors from a large pool of structural descriptors.
The list of the 271 structural descriptors used in the
QSAR study is presented below:

1. the molecular weight, MW; this constitutional
descriptor is a measure of molecular size, and experi-
ence shows that in many structure—property studies
this is an important parameter.

2. Five Kier and Hall connectivity indices [14,15] *x",
A AN Xp» ?X\: these topological indices are, by
far, the most used descriptors in QSPR and QSAR
models.

3. 75 Wiener indices computed with the Wiener opera-
tor Wi(M”,w) [19]; these descriptors represent an
extension of the Wiener index that is defined for
any molecular matrix. The Wiener operator
Wi(M?,w,G) of a VEW molecular graph G with N
vertices is computed from the pth power of the
symmetric N X N molecular matrix M(w,G):

N N
WiM?, w,G) = > > [M;(w, ) (6)

i=1 j=i
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where w is the weighting scheme used to compute the
molecular matrix M(w), and p takes the values 1,2,
and 3. Molecular graph descriptors computed with
the Wiener operator were used with success to
compute the boiling points of acyclic compounds
containing oxygen or sulfur atoms [38].

. 15 hyper-Wiener indices computed with the hyper-
Wiener operator HyWi(M,w) [19,20]. The hyper-
Wiener operator HyWi(M,w,G) of a vertex- and
edge-weighted molecular graph G with N vertices
is computed from the symmetric N X N molecular
matrix M(w,G):

HyWi(M, w, G) =

ZZ

11/1

v, G)I?

M;;(w, G)] N

where w is the weighting scheme. Only the adjacency
A, distance D, and reciprocal distance RD matrices
were used to compute the hyper-Wiener indices.

. 50 spectral descriptors computed with the spectral
operators MinSp(M,w) and MaxSp(M,w) [19].
The matrix spectrum operator Sp(M,w,G) =
{x;,i=1,2,...,N} represents the eigenvalues of
the matrix M(w) or the roots of the polynomial
Ch(M, G,x),Ch(M,w,G,x) = 0. The spectral
operators MinSp(M,w,G) and MaxSp(M,w,G) are
equal to the minimum and maximum values of
Sp(M,w,G), respectively:

MinSp(M, w, G) = min{Sp(M, w, G)} ®)

MaxSp(M, w, G) = max{Sp(M, w, G)} )

Structural descriptors computed with these two spec-
tral operators were used with good results to develop
QSPR models for the boiling points, heat of vapor-
ization, molar refraction, molar volume, critical pres-
sure, critical temperature, and surface tension of
alkanes [29,42], to estimate the boiling points of
acyclic compounds containing oxygen or sulfur
atoms [38], and to define a chemical space for clus-
tering molecules from chemical libraries [40,41].

. 125 Chi indices computed with the operator
Chi(VSD.M,w). Consider a vertex structural
descriptor VSD(M,w,G) that assigns a numerical
invariant VSD,(M,w,G) to each vertex v; from the
VEW molecular graph G. The Chi operator

Chi(VSD,M,w,G) of the graph G is:

Z l_[(VSD(M w)) "

i=1 j=1

"Chi(VSD,M, w), =

10)

where s is the number of connected subgraphs
of type t with m edges, n is the number of
vertices of the subgraph, and w is the weight-
ing scheme. The Chi operator represents a
generalization of the Kier and Hall connectivity
indices [14,15] by replacing the local invariant
&’ with any other vertex invariant. Five types
of Chi indices were computed, namely
Chi(VSD,M,w), 'Chi(VSD,M,w), 2Chi(VSD,M,w),
3Chi(VSD,M,w),,and *Chi(VSD,M,w),. The vertex
structural descriptors considered in this study are
the valency val(w) and vertex sum VS(M,w)
operators. The valency of the vertex v;, val;(w,G),
is defined as the sum of the weights Ew;(w) of all
edges ¢; incident with vertex v; [42,43]:

> Ew;w) (11)

¢, EE(G)

val,(w, G) =

where w is the weighting scheme used to compute
the Ew parameters.

Consider the vertex v; from the weighted graph G
with N vertices and the symmetric graph matrix
M(w,G) computed with the weighting scheme w.
The vertex sum of the vertex v;, VS, Mw,G), is
defined as the sum of the elements in the column i,
or row i, of the molecular matrix M(w) [42,43]:

N N
VSi(M,w,G) = > My(w) = > M;(w) (12)
j=1 j=1

OSAR model. The QSAR equations were developed
using multi-linear regression models. Because the
exhaustive test of all MLR equations requires impor-
tant computational resources, all studies that develop
QSPR and QSAR models from a large set of
computed descriptors use a wide range of algorithms
for selecting significant descriptors, such as genetic
and evolutionary algorithms [44—47]. In our investi-
gation we generated the QSAR models using the
genetic function approximation (GFA) [47] feature
selection as implemented in Cerius®.”
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The GFA algorithm generates an initial population
of QSAR equations by the random selection of mole-
cular descriptors. In our study we have used QSAR
models containing only linear terms; the experiments
that employed non-linear terms did not show any
significant improvement. The length of the equations
is determined by the number of molecular descriptors
selected and is allowed to increase or decrease with a
certain probability. Each equation is fit to the experi-
mental data using linear least-squares regression tech-
niques, and the QSAR models are ranked according to
their lack of fit (LOF), which is an adjusted least-
squares error (LSE) statistical index:

LSE
LoF= B (13)

(1_ c+df)2

n

where c is the number of basis functions (number of
terms in the QSAR equation), d the smoothing para-
meter, f the total number of structural descriptors
contained in all basis functions, and » is the number
of molecules in the calibration set. The addition of a
new descriptor to a QSAR equation may reduce the
LSE, but it also increases the values of ¢ and f, and the
LOF index may increase. In this way, the LOF index
avoids overfitting of the data by limiting the tendency
to add new descriptors and favoring simple, more
compact models. The user-defined smoothing para-
meter d controls the growing of the QSAR equations.
Because values larger than 1 for this parameter favor
equations with fewer descriptors, we have used a
value of 2 for d in all experiments.

The GFA algorithm uses a genetic algorithm to
perform the genetic crossover of the best equations
and the elimination of the poorer equations. Using
pairs of QSAR equations with a low LOF, the genetic
algorithm cuts and separates pieces of equations and
then recombines the fragments to form new equations.
Next, mutation operators are applied randomly in
order to increase the diversity of the population. The
following probability levels p were used for the equa-
tion mutation operators:

1. Add new term. p = 0.5; this mutation increases the
diversity in the equation population by randomly
adding a new term to a child equation.

2. Reduce equation. p = 0.5; this mutation operation
generates smaller models by eliminating from a

child equation the term with the lowest contribu-
tion to the model.

3. Extend equation. p = 0.5; this mutation operation
generates larger models by adding to a child equa-
tion a new descriptor. Each descriptor not yet used
in the QSAR model is tested and the selection algo-
rithm retains the one that has the highest contribu-
tion to the model.

The genetic algorithm uses the LOF index to select
equations for crossover and survival. With new
generations, the equation population evolves to a set
of higher quality QSAR models. The output of a GFA
calculation consists of a population of QSAR equa-
tions that model the relationship between the struc-
tural descriptors and the biological activity.

3. Results and discussion

The equation population consists of 300 equations
containing only linear terms. The evolution of the
equation population was performed for 5000 genera-
tions, when the LOF index indicated that the popula-
tion of equations stops significantly improving. From
the final population of 300 equations we have selected
the best ten QSAR models (according to LOF) with up
to five structural descriptors. Selecting several QSAR
models offers the possibility to study the distribution
of structural descriptors, molecular matrices and
weighting schemes. The statistical indices of Eqgs.
(14)—(23) are presented in Table 2

log(1/K) = —21.8289 — 0.001715Wi(RD§,,E)

+0.487974° )" + 4.28779MaxSp(RD, E)

— 1.09075°Chi(VS(RD,), E) (14)

log(1/K) = —18.6578 — 0.001509Wi(RD;, E)

— 1.42469°Chi(VS(RD), E)

+0.424785° )" + 4.05MaxSp(RD, E)
(15)
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log(1/K) = —27.1388° Chi(VS(RD), A),
— 0.005413MaxSp(D,, AH)

— 0.000247Wi(RD*, R) + 0.563187°y"

+ 41.92523Chi(VS(RD), AH), (16)

log(1/K) = —23.7395 — 0.174763' Chi(VS(RD,), R)
+0.450132°y" + 4.56168MaxSp(RD, E)
— 0.96052°Chi(VS(RD,), E)

- 0.001825Wi(RD§;, E) (17)

log(1/K) = —21.0551 + 0.460472%y"
+ 4.06631MaxSp(RD, E)
— 0.878343°Chi(VS(RD,), E)
~ 0.001599Wi(RD;, E)

— 0.007035MaxSp(D, R) (18)

log(1/K) = —21.5116 + 1.91467°Chi(VS(RD), AH),
+0.526038°y" + 4.17073MaxSp(RD, E)
— 1.15385°Chi(VS(RD,), E)

~ 0.001672Wi(RD;, E) (19)

log(1/K) = —20.5146 — 0.000839MaxSp(D,, R)
+ 3.99309MaxSp(RD, E)
— 0.911014°Chi(VS(RD,), E)

~ 0.001594Wi(RD;, E) + 0.464312°)"
(20)

log(1/K) = —22.161 + 1.46601>Chi(VS(RD), A),
+0.528748°y" + 4.28698MaxSp(RD, E)
— 1.18821°Chi(VS(RD, ), E)

- 0.001704Wi(RDg, E) @1

log(1/K) = —19.9524 + 0.016933Wi(A>, A)
+0.532245°)" + 4.02885MaxSp(RD, E)
— 1.25614°Chi(VS(RD,), E)

- 0.001616Wi(RDf,,E) (22)

log(1/K) = —20.9523 — 0.001606Wi(RDg,E)
+ 4.13974MaxSp(RD, E)
— 1.13923°Chi(VS(RD,), E)

— 0.000324Wi(RD?, AH) + 0.550071°y"
(23)

From the set of 10 QSAR models, Eqgs. (14) and
(15) have four structural descriptors, while Egs. (16)—
(23) have five structural descriptors. In restricting our
selection to models with up to five structural descrip-
tors we have given preference to simple, more robust
models, because with the increase of the number of
descriptors it increases also the danger of overfitting.
An inspection of the descriptors selected in Eq. (14)
shows that this QSAR model is the basis for the devel-
opment of Egs. (17)—(23); all these equations contain
the four topological indices from Eq. (14), and a fifth
one that introduces a small variability of the statistical
indices, as can be seen from Table 2. This indicates
that the population of QSAR models converged to a
set of related equations that represent a suboptimal
solution for the investigated QSAR model. We have
to mention that a genetic algorithm is not intended to
find the optimal solution to a problem, but to search in
a highly dimensional space of structural descriptors
and to identify in a (relatively) short time a set of
suboptimal solutions; this is the method of choice
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Table 2
Statistical indices of the QSAR models from Eqgs. (14)—(23)

Eq. LOF LSE F oo PRESSi 00

(14) 0.074 0859 0.050 96.18 0.861  3.368
(15) 0.076  0.855 0.052 92.80 0.857 3.473
(16) 0.080 0859 0.050 97.14 0.861 3.375
(17) 0.080 0.863 0.049 7844 0.865 3.267
(18) 0.081 0.862 0.049 77.72 0.864 3.294
(19) 0.081 0862 0.049 77.70 0.864  3.295
(20) 0.081 0862 0.049 77.58 0.864  3.299
(21) 0.081 0862 0.049 77.54 0.864 3.300
(22) 0.081 0862 0.049 7744 0.864 3.293
(23) 0.081 0862 0.049 7740 0.864 3.292

whenever the exhaustive search of the solution space
is not possible in a reasonable time.

An important problem in QSAR studies is the iden-
tification of structural descriptors that are to be used to
model a given property. We have to point here that
correlational analysis develops models by suggesting
statistical (and not causal) relationships between
structural descriptors and a physical, chemical, or
biological property. Correlations can be observed
not only because a causal relationship exists between
a set of descriptors and a property, but also due to
statistical bias resulting from errors in determining
structural descriptors, experimental errors in measur-
ing the property, or even due to chance alone. When a
correlation appears due to errors or chance factors, the
resulting QSAR model has no scientific content and
offers misleading conclusions. As was shown by
Topliss [48], such a situation can easily occur if
large numbers of structural descriptors are screened
for potential inclusion into the final correlation equa-
tion. Model validation techniques are used to distin-
guish between true and random correlations and to
estimate the predictive power of the model [49]. For
Egs. (14)—(23) we have used the leave-one-out (LOO)
cross-validation procedure; the obtained correlation
coefficient (roo) and PRESS, oo are reported in the
last two columns of Table 2.

In Table 2 the QSAR models are arranged in the
increasing order of LOF, as offered by the GFA algo-
rithm. The statistical indices of the 10 QSAR models
are very close, in both calibration and prediction, indi-
cating that their statistical quality is very similar. In
fact, these equations can be ordered in different ways
by the statistical indices reported in Table 2 as already

pointed, LOF ranks first Eq. (14); r%, rfoo, and
PRESS; oo put Eq. (17) on the first place; Eq. (16)
has the highest F value; Egs. (17)—(23) all have the
smallest LSE. However, the statistical differences of
the QSAR models are not high, and this offers the
possibility to study the distribution of structural
descriptors, molecular matrices and weighting
schemes.

The connectivity index ’y" appears in all QSAR
models, and this is the single descriptor from its
class selected by the GFA algorithm. The index ’y"
represents the weighted contribution of subgraphs
containing one non-hydrogen atom and it is a measure
of molecular size. On the other hand, the molecular
weight was not selected, indicating that this descriptor
was successfully replaced by “x".

The Wiener indices Wi were selected once in eight
QSAR models and twice in two QSAR models, indi-
cating the high significance of such descriptors in
modeling the dihydrofolate reductase inhibition. The
Wiener operator represents a global measure of mole-
cular size, shape, and branching, and our previous
studies showed that this class of graph descriptors
have a high importance in modeling various molecu-
lar properties. The hyper-Wiener indices HyWi were
not found important by the GFA algorithm, since none
of them was selected in Eqs. (14)—(23); this observa-
tion is in line with our previous results, which indi-
cated that this class of structural descriptors is not
suitable for structure—property models.

The results provided by the GFA algorithm demon-
strate the importance of the spectral indices computed
with the MaxSp operator in this QSAR, because these
indices appear twice in two QSAR models, and once
in eight QSAR models. The MaxSp operator is a
measure of molecular shape and branching, relatively
independent of the molecular size. On the other hand,
the MinSp operator is not significant for modeling the
dihydrofolate reductase inhibition, because in Egs.
(14)—(23) this class of topological indices was not
selected.

From the five types of descriptors derived from the
Chi  operator, only °Chi(VSDM,w) and
3Chi(VSD,M,w),, appear with a higher frequency:
’Chi(VSD,M,w), nine times; 'Chi(VSD,M,w), once;
3Chi(VSD,M,w)1,, four times. The remaining two Chi
operators, “Chi(VSD,M,w) and °Chi(VSD,M,w).,
were not selected by the GFA algorithm. The index
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"Chi(VSD,M,w) represents the weighted contribution
of subgraphs containing one non-hydrogen atom and
is mainly a measure of molecular size; the shape
component is introduced by the VSD atomic invar-
iant. The descriptor 3Chi(VSD,M,w)p is a weighted
sum of the butane-like subgraphs from the molecular
graph and represents the molecular shape and branch-
ing. From the two types of VSD atomic invariant
investigated, only the Chi indices computed with
the vertex sum operator VS(M,w,) were selected by
the GFA algorithm. The structural information
contained by the valency operator val(w) measures
only the local (atomic) structure, while that from
VS(M,w,) reflects at the atomic level the global
(molecular) structure. The higher content of structural
information contained into the VS(M,w,) indices can
explain the absence of the val(w) indices.

An analysis of the presence of different molecular
matrices in the structural descriptors selected in Egs.
(14)—(23) reveals several interesting tendencies:
structural descriptors computed with the reciprocal
matrices RD and RD, were selected in the majority
of cases, while those derived from the adjacency A,
distance D, and distance-path D, matrices were
considered by the GFA algorithm to be less important.
This observation is apparent from the frequency of
selection of different molecular matrices: A3, once;
D, once; RD, 14 times; RD2, once; RD3, once; D,
twice; RD,, 9 times; RDS, 9 times. From these results,
it appears also that from the higher power matrices,
only RDS has a greater importance. Until recently, the
molecular graph descriptors were mainly computed
from the adjacency and distance matrices. Our finding
indicates that the structural descriptors derived from
the recently introduced molecular matrices are more
suitable for developing relevant QSAR models.

Using various atomic properties, the weighting
schemes used in this study offer the atom and bond
parameters for the computation of the topological
indices. The correlational ability of the topological
indices depends heavily on the weighting scheme;
those computed with atomic electronegativity para-
meters E were selected in the majority of cases,
while those derived from the atomic polarizability
parameters P were not selected in Egs. (14)—(23): E,
27 times; R, 4 times; AH, 4 times; A, 3 times. While
our results indicate that the structural descriptors
computed with atomic electronegativity parameters

give good results in modeling the dihydrofolate reduc-
tase inhibition, further experiments are required to
determine if this is a particular behavior or represents
a more general tendency.

As already mentioned, the statistical indices from
Table 2 show that the statistical differences of the
QSAR models in Egs. (14)—(23) are not high; we
will now examine in detail Eq. (17), because it gives
the best prediction results. In Table 1 we give the
calibration and prediction (LOO) residuals computed
with Eq. (17). These results show that there are 18
compounds with an absolute residual greater than
0.25, both in calibration and prediction. Richards
used this criterion to compare the MLR model from
Eq. (1) and the neural network model [35]; Eq. (1) has
25 compounds and the neural network has 12
compounds with an absolute residual greater than
0.25 (residual outliers). From these data it appears
that our QSAR model is between the previously
proposed models. However, one has to consider that
Eq. (17), with five structural descriptors, has six adjus-
table coefficients, Eq. (1) has eight adjustable coeffi-
cients, while the neural network has 38 adjustable
coefficients. Artificial neural networks represent a
simple and efficient way to generate non-linear
QSAR models, but in many cases this is obtained at
the expense of a large number of optimizable para-
meters; this is the case for the set of data investigated
here, where the improvement in modeling the inhibi-
tion of dihydrofolate reductase is not justified by such
an important increase in the number of optimizable
parameters. A neural network that has too many opti-
mizable parameters (connections between neurons)
gives good results for the model calibration, but the
prediction results are of poorer quality. For the data
from Table 1, the neural network gives 12 residual
outliers in calibration and 21 in LOO prediction
[35]; this degradation of the results for prediction
compared with calibration is a clear sign of overfit-
ting, indicating that the model is not stable for predict-
ing the activity for new compounds. The main
objective in QSAR studies is to obtain a model with
the highest predictive ability, and the neural network
fails to attain this goal. As pointed above, Eq. (17) has
18 residual outliers both in calibration and prediction,
demonstrating that this QSAR model is stable, is not
overfitted, and it gives better predictions than the
neural network model. Also, we have to point that
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both Eq. (1) and neural network models represent non-
linear QSAR models, while in Eqgs. (14)—(23) we have
explored only linear models. Another advantage of
Egs. (14)—(23) is the use of molecular graph descrip-
tors that can be calculated from the molecular graph
for any organic compound.

The strong intercorrelation between structural
descriptors from a MLR equation may lead to misin-
terpretation of the corresponding structure—activity
model. The GFA algorithm does not test the intercor-
relation of the structural descriptors selected by the
genetic evolution, and can produce QSAR models that
contain highly intercorrelated independent variables.
In Table 3 we give the intercorrelation matrix of the
five structural descriptors in Eq. (17), together with
the individual correlation coefficient of the descriptors
with the biological activity. From this matrix one can
see that five pairs of descriptors are highly intercorre-
lated, with |ry| > 0.80 (their intercorrelation coeffi-
cients are highlighted in bold in Table 3):
{°x".MaxSp(RD.E)}, {°x",’Chi(VS(RD,),E)},
{OX”,IChi(VS(RDp),R)}, {MaxSp(RD,E),
Wi(RD,.E)}, {’Chi(VS(RD,),E),'Chi(VS(RD,),R)}.
Several techniques can be applied to overcome the
problem of highly intercorrelated descriptors: PCA,
PLS, or sequential orthogonalization. We have
selected the recently introduced sequential orthogona-
lization [50] that was applied with success for model-
ing the chromatographic retention indices [22,51].

In the sequential orthogonalization algorithm, a
descriptor from the set of intercorrelated structural
descriptors can be made orthogonal, by removing
the part of its information content that it shares with
the other descriptors in the set. The order in which
descriptors are orthogonalized is important, because it
strongly affects the information content of so obtained
orthogonal descriptors. We present briefly the algo-
rithm implementation used in the present investiga-
tion. Consider the MLR equation that models the
property Y with the set of three structural descriptors
Xl, Xz, and X3:

Y= ap + CIle + 02X2 + (,l3X3 (24)

The scope is to orthogonalize the set of structural
descriptors to obtain the orthogonalized set of descrip-
tors £2(X)), £2(X,), and 2(X;). For the set of three
intercorrelated structural descriptors orthogonalized
in the order X;, X,, and Xj, the construction of the

orthogonal descriptors consists of the following steps:

1. The first orthogonal descriptor {2(X;) is identical
with the original descriptor X;:

X)) =X, (25)

2. The linear regression equation between descriptor
X, and orthogonal descriptor £2(X;) is computed:

X, =Ay; + By (X)) (26)

The second orthogonal descriptor £2(X,) is the resi-
dual of the above equation, i.e. the difference
between the real value of X, and that computed
with Eq. (26):

0X,) =X, —Ayy — By AXy) 27

3. The orthogonalization of the third descriptor
begins with the computation of the linear regres-
sion equation between descriptor X3 and orthogonal
descriptor 2(X;):

X3 =As; + B3 QX)) (28)

The residual of Eq. (28) gives £2(X3,), the part of X;
that is orthogonal to 2(X)):

O(X51) = X3 — Az — B3 (XX)) (29)

The vector (2(X;;) is then orthogonalized against
0(X;) by computing the linear regression equation
between these two descriptors:

0(X5,) = Az, + B3 0XX;) (30)

Finally, the third orthogonal descriptor {2(X3) is the
residual of Eq. (30):

(X3) = (AX5;) — Az, — B3,0X;) (3D

The structure—property model from Eq. (24) is
computed with the orthogonal descriptors (2(X)),
0(X,), and 2(X3):

Y = by + b (X)) + by{XX,) + b3(XX35) (32)

Regardless of the sequence of orthogonalization, Egs.
(24) and (32) have identical statistical indices (corre-
lation coefficient r, standard deviation s, and Fisher
test F). In practice, the orthogonalization of descrip-
tors can be used to simplify QSAR models that
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Table 3

Intercorrelation matrix of the structural descriptors from Eq. (17) and correlation coefficient between each descriptor and the experimental
activity. The intercorrelation coefficients larger than 0.80 are highlighted in bold

1 2 3 4 5 6
%" 1 1.000 0.811 0.969 0.736 0.904 0.481
MaxSp(RD.,E) 2 0.811 1.000 0.772 0.986 0.777 0.646
0Chi(VS(RDp),E) 3 0.969 0.772 1.000 0.695 0.948 0.324
Wi(RD;,E) 4 0.736 0.986 0.695 1.000 0.699 0.602
1Chi(VS(RDp),R) 5 0.904 0.777 0.948 0.699 1.000 0.330
log(1/K) 6 0.481 0.646 0.324 0.602 0.330 1.000

contain many intercorrelated descriptors, by removing
the variables with a small contribution.

The QSAR model from Eq. (17) was orthogona-
lized considering the descriptors in the order from
Table 3:

log(1/K) = 5.377785 + 0.1425290(°y")
+0.7737782(MaxSp(RD, E))
— 1.0215220("Chi(VS(RD,), E))

—~0.0017150( Wi(RD;, E))

— 0.1746820)( ' Chi(VS(RD,),R))  (33)

The above MLR equation obtained after the orthogo-
nalization has the same statistical indices as Eq. (17),
but all descriptors are orthogonal; in this way, the
statistical interpretation of the QSAR model is simpli-
fied.

4. Concluding remarks

Molecular graph descriptors represent valuable
structural descriptors extensively used to develop
QSPR and QSAR models. The interest of developing
new topological indices was stimulated in recent years
by their use in virtual screening of combinatorial
libraries, database mining, similarity and diversity
assessment. Recently we have defined several mole-
cular graph operators as a convenient and efficient
method to compute from a unique mathematical equa-
tion a family of related molecular graph descriptors;
such an operator can be applied to all molecular
matrices and sets of parameters for atoms and

bonds. In the present investigation we have developed
QSAR models for the dihydrofolate reductase inhibi-
tion with diaminopyrimidines, using as structural
descriptors a set of 271 topological indices.

All QSAR models were generated with the genetic
function approximation method; the genetic algorithm
proved to be an efficient method for feature selection
in a highly dimensional space of structural descrip-
tors. Another advantage of the genetic algorithm is the
generation of several good QSAR models; this set of
equations can be studied for information on the use of
structural descriptors, graph operators, molecular
matrices, or weighting schemes. As we found in the
present study, the QSAR equation that has the best
calibration statistical indices may not have the best
prediction results. The investigation of the top equa-
tions offers the possibility to identify the QSAR model
that gives the best predictions. Using a group of five
molecular graph descriptors, we have obtained a
QSAR model that gives better calibration and predic-
tion results than other models developed with substi-
tuent constants or neural networks.

The topological indices derived from the new graph
operators proved to be efficient measures of the mole-
cular structure, with the important advantage that they
can be easily computed for any organic compound. As
we have already mentioned, topological indices
complement (and do not substitute) the information
encoded into other classes of structural descriptors,
such as constitutional, geometrical, electrostatic,
quantum, and grid (field) descriptors. A number of
successful 3D QSAR approaches have been devel-
oped in recent years [52,53], many of them using
grid (field) descriptors together with a pharmaco-
phore-dependent alignment of the molecules.
However, several studies [53—-55] pointed out that
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QSAR models obtained with structural descriptors
derived from the molecular graph provide statistical
indices as good as those generated with 3D QSAR
models. The successful development of alternative
QSAR models (i.e. with different classes of structural
descriptors and with different statistical equations)
confirms the existence of a structure—activity relation-
ship in a data set. The approach proposed in this paper
is an effective and simple complement to the sophis-
ticated 3D QSAR models.
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