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Abstract

A novel method for computing new descriptors to construct Quantitative Structure–Toxicity Relationships is presented. First, a brief

review on the classical graph theory is presented and, then, the link with molecular similarity is drawn. In the applications section, molecular

topological indices are calculated using the interatomic Molecular Quantum Similarity Measure with a Coulomb weight operator. The use of

similarity matrices instead of classical topological ones has been adopted according to the connection between molecular topology and the

general theory of Quantum Similarity. Afterwards, the molecular descriptors, which include the structural information necessary to properly

describe the system, are employed to derive numerical correlation with toxicities. The QSAR model is built using a multilineal regression

technique.

Finally, some application examples are presented, including polycyclic aromatic hydrocarbons and aquatic toxicants, demonstrating the

applicability of the exposed methodology.

q 2005 Elsevier B.V. All rights reserved.
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1. Introduction

Quantitative Structure–Activity Relationship (QSAR)

research field has been widely developed, from its very

first beginnings when, in 1865, Crum-Brown and Fraser

postulated a relationship between any physiological activity

and the corresponding chemical structure [1]. Later, Richet

[2] correlated toxicities with their solubility in water and, in

1900, Meyer and Overton [3,4] found linear relationships

between the toxicity of organic compounds and their

lipophilicity. Hereinafter, Hammett also reported the Linear

Free Energy Relationships, applied to the description of

electronic properties of aromatic systems [5]. However, the

currently used QSAR methodology did not evolve since, in

the 60s, Hansch and Fujita published a free-energy related
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model to correlate biological activities with physicochem-

ical properties [6]. The main assumption underlying in

theoretical foundation [7–11] consists in considering that

chemical structure contains information about activities.

Assuming this very first premise, QSAR models quantify

the connection between the structure and molecular proper-

ties by means of a mathematical model. More recently, other

widely developed field in QSAR studies is the inclusion of

three-dimensional parameters in the description of com-

pounds to predict biological properties [12–16]. In particu-

lar, recent applications to the prediction of the molecular

toxicity have been introduced [17–20].

In this paper, a variant of QSAR studies, the so-called

Quantitative Structure–Property Relationships (QSPR),

using topological indices as molecular descriptors

[21–25], is studied. The incredibly great number of works

devoted to this has led to the appearance of hundreds of new

indices, which are useful to describe with more or less

accuracy specific properties of given compounds.

The beginning of classical graph theory seems to go back

to 1736, when Euler published a discussion on the

probability of strolling around the city of Königsberg,

crossing each of its seven bridges across Pregel exactly once

[26]. Thus, the initial applications of the theory were of this
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Table 1

Classical matrices used in chemical graph theory

Tij Z
1 if atoms i and j are bonded

0 if atoms i and j are not bonded

(
T(nxn)

Dij Z
0 if iZ j

nb if isj

(
D(n!n)

vi Z
Xn

jZ1

Tij

v(n)
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type [27]. But, since the initial development of the seminal

bases, graph theory evolved, from the classical topological

approach, firstly introduced by Boŝković [28], to nowadays.

First applications of graph theory to QSPR models were

not introduced until 1947, by Wiener, which determined the

boiling point of a set of aliphatic hydrocarbons [29].

Afterwards, a number of well-known indices have been

gradually introduced [30–37]. The variety of these graph-

theoretical descriptors has spectacularly increased in last

decade; nowadays, in the literature, hundreds of topological

indices, suitable to describe different properties, are

reported. In the last few years, also the necessity of

describing the three-dimensional character of molecular

structures has contributed to the development of three-

dimensional indices [38]. The main application of topolo-

gical descriptors is to quantitatively correlate structures and

properties of biologically active compounds [24,39]. But it

has to be taken into account that, whereas chemical

structures are discrete entities, their properties show a

continuous variation, expressed within a certain numerical

range.

The classical topological approach [40,41] relates the

chemical structure constitution (the two-dimensional model

of a molecule, which is represented by a structural

formulae) with a non-dimensional numerical entity, the

so-called topological index. In this correspondence, each

structure has a single descriptor associated, but not vice

versa; one index may correspond to more than a graph.

Here arises the problem of the degeneracy; so it is

desirable that the indices present low degeneracy. To

translate chemical structures into a single number, the

graph theory visualizes chemical structures as mathemat-

ical object sets consisting of vertices or points, which

symbolize atoms, and vertices or lines, linking a pair of

edges, which represent covalent bonds or shared electron

pairs. In this notation, adjacent vertices stand for pairs of

covalently linked atoms situated at a topological distance

equal to one.

Molecular Quantum Similarity theory was first intro-

duced by Carbó et al. in 1980 [42], in order to obtain the

quantitative measure of the similarity between two quantum

objects by using their electronic density functions as

quantum mechanical descriptors [43–45]. Our laboratory

has reported practical applications of Molecular Quantum

Similarity Measures to QSAR and QSPR [46–56] to obtain

models from a well-defined theoretical foundation [47].

Moreover, a new type of indices, the so-called Topological

Quantum Similarity Indices [57–61], has been developed, as

will be exposed later on.

In the present paper, the mathematical formalism of a

method to calculate new indices to be used as molecular

descriptors in Quantitative Structure–Activity Relationships

to has been developed. Also, the method has been applied

predict the toxicity of three molecular sets.
1.1. From classical topological approach to quantum

similarity theory
1.1.1. Classical topological indices

In computing, a graph is stored by means of matrices

that account for adjacency and distance. Particularly, the

most commonly used indices in graph theoretical represen-

tation can be coded by means of an attached adjacency

matrix (T), whose elements are composed by one if the

associated atoms are considered directly connected, and by

zero otherwise. From the adjacency matrix elements,

topological indices are mathematically derived in a direct

and unambiguous manner. These indices account for

molecular size and shape at the same time and, depending

on the case, they can also include a simple kind of three-

dimensional information. Also, the distance matrix (D),

which accounts for the topological length of the shortest

path between two atoms, and the valence vector (v),

calculated as the sum of entries in i-th row or j-th column

of topological matrix, which indicates if an atom is

primary, secondary, tertiary or quaternary, are essentially

used. Table 1 shows the definition of the above-mentioned

matrices, being n the number of atoms in the molecule

and nb the length of the shortest path between the vertices

i and j.

From these basic definitions, a large number of

Topological Indices has been formulated [29–37]. Various

definitions of topological indices have been used in order to

obtain molecular descriptors. The most used one are

presented below.

1.1.1.1. Wiener index. In 1947, Wiener introduced the

Wiener Path Number (WPN) [29], which can be defined as

the total number of bonds among all the pairs of atoms in a

graph. The number of path can be calculated from the

topological distance matrix as the half-sum of the elements

of this matrix:

WPN Z
Xn

iZ1

XnK1

jZiC1

Dij (1)

where n is the number of atoms, and Dij are the elements of

distance matrix.

Wiener also defined a number of polarity, p3, obtained

in the computation of the number of paths of
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length three. The Wiener Index (W) is defined as the

summation of Wiener path number and the polarity

number:

W Z WPN Cp3 (2)

Both Wiener path number and Wiener Index increase

as the size of the molecule does, but tend to diminish

with molecular ramification.

1.1.1.2. Hosoya index. The Hosoya index (ZA) was defined

in 1971 [30] for non-directed graphs, as follows:

ZA Z
Xn=2
iZ0

pAðkÞ (3)

where p(k) is the number of ways in which such k bonds are

chosen from the graph that no two of them are connected.

By definition, pA(0)Z1 i pA(1)Znb.

The Hosoya index was firstly used to correlate with

several of the thermodynamic quantities of saturated

hydrocarbons, such as the boiling point.

1.1.1.3. Generalized connectivity indices. Introduced and

posteriorly developed by Kier and Hall [31–33] ðdct
A Þ, this

kind of connecting graph can be divided into five types: the

trivial, the path, the cluster, the path-cluster and the chain

graph.

In this case, connectivity indices are calculated adding

terms corresponding to all the connected subgraphs of the

main graph, attending to a given order, where the subgraph

order is the number of vertices that form it.

A generalized connectivity index of order d and type t is

defined as:

dct
A Z

Xnd

sZ1

YdC1

iZ1

1ffiffiffiffiffiffiffiffiffi
ðviÞs

p (4)

where nd is the number of connected graphs of type t.

1.1.1.4. Randić index of molecular ramification. The Randić

index was introduced by Randić in 1975, as the connectivity

index [34]. Based in the classification of bonds in molecular

graphs, is one of the most widely used topological indices in

QSAR analysis. Randić classified the kind of bond between

atoms, depending on the number of atoms bonded to each

terminal vertex. The contribution to each type to the index is

the inverse of the product of the square root of both valence

vectors. Finally, the sum of all contributions for all k axis

(within a total of m axis) constitute the Ramificaton Index of

Randić (R), which classifies molecules attending to their

ramifications:

R Z
Xm

kZ1

1ffiffiffiffiffiffiffiffiffiffiffiffi
ðvivjÞk

p (5)
The expression of calculation of Randić index can also be

modified to directly work with the adjacency matrix:

R Z
XnK1

iZ1

Xn

jZiC1

Tijffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðViVjÞk

p (6)

For molecules with the same number of atoms, the index

decreases when ramification increases.

1.1.1.5. Balaban index. Balaban index (B) was introduced in

1982 [35] as one of the less degenerated indices. It

calculates the average distance sum connectivity index,

according to the equation:

B Z
ne

m C1

XnK1

iZ1

Xn

jZiC1

1ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðDÞiðDÞj

p (7)

where ne is the total number of axes (bonds) of the molecule,

m is the number of cycles of the molecule (also called

cyclomatic number, which expresses the deficiency of

hydrogen in hydrocarbons) and (D)i represents the sum of

topological distances from the vertex i to all the other

vertices of the graph. This sum is extended to all the

possible axes.

The cyclomatic number can be calculated using:

m Z m Kn C1 (8)

being m the number of axes and n the number of vertices.

Balaban index measures the ramification and it tends to

increase with molecular ramification. It has been satisfac-

torily correlated with octane numbers of alkanes.

1.1.1.6. Schultz index. The Schultz index (MTI) was

introduced by Schultz in 1989, as the molecular topological

index [36]. It takes into account the effect of adjacency and

distance matrices and the valence vector, and it is computed

as:

MTI Z
Xn

iZ1

ei (9)

where the ei’s represent the elements of the following row

matrix of order N.

ei Z ½vðT CDÞ�i (10)

Hence, in this way,

MTI Z
Xn

iZ1

½vðT CDÞ� (11)

1.1.1.7. Harary number. The Harary number (H) was

introduced in 1991 by Plavšić et al. [37] in honor of

professor Frank Harary, due to his influence in the

development of graph theory and, especially, to its

application in chemistry. This index is defined from the

inverse of the squared elements of the distance matrix
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according to the expression:

H Z
XnK1

iZ

Xn

jZiC1

DK2
ij (12)

where DK2 is the matrix whose elements are the squares of

the reciprocal distances.
1.2. Molecular quantum similarity measures

Molecular Quantum Similarity provides a quantitative

similarity measure between two or more molecular

structures, based on their respective electronic distributions,

namely density functions. In previous works, Molecular

Quantum similarity Measures had been widely used in

several applications, mainly in the prediction and estimation

of molecular properties and toxicities [47–56].

Also, similarity measures have been extensively applied

by other investigation groups. Among them, the work of

Cioslowski [62], Allan and Cooper [63], and Richards [64,

65], are particularly relevant. In addition, from a different

perspective, Herndon [66,67] substituted the quantum

mechanical magnitudes by elements of graph theory and

topology. This approach was followed by Mezey [68,69],

and Poneč [70,71], among others.

A Molecular Quantum Similarity Measure (MQSM)

compares the first-order molecular density functions of a

given pair of molecules. A MQSM can be defined as the

scalar product between the density functions of the two

molecules, weighted by a non-differential positive definite

operator:

ZAB Z

ðð
rAðr1ÞUðr1; r2ÞrBðr2Þ dr1 dr2 (13)

In this paper, a particular definition of Quantum

Similarity Measure (QSM), an interatomic quantum simi-

larity measure, has been calculated between each pair of

atoms of a given molecule, in order to construct quantum

similarity matrices, which constitute the source of gener-

ation of quantum topological indices:

Zij Z

ðð
riðr1ÞUðr1; r2Þrjðr2Þ dr1 dr2 (14)

where the Coulomb operator acts as the non-differential

positive definite operator, U:

Uðr1; r2Þ Z
1

jr1 Kr2j
(15)
1.3. Topological quantum similarity indices

A connection between chemical graph theory and

Quantum Similarity allows defining new molecular indices

that have been called TQSI [61]. These novel descriptors,

which also account for further three-dimensional infor-

mation, have been computed using the program TOPO,
entirely developed at the Institute of Computational

Chemistry [72].

The topological quantum similarity indices can be defined

using the classical construction according to the theoretical

framework, but replacing the classical matrices by matrices

derived from quantum similarity calculations [57]. In this

work, concretely, the previously defined integer topological

matrix has been substituted by the interatomic Coulomb

measure and, similarly, the valence vector also has been

computed from the entries of Coulomb matrix. In some

previous studies, the concept of similarity, embedded with

topological indices, was successfully applied to the calcu-

lation of physicochemical properties [58] and QSAR studies

[59]. In addition to the use of QSM, the topological distance

was also replaced by Euclidean distance between every pair

of atoms [60]. In this case, the distinction between these two

kinds of distances was made from the index definition itself,

clearly separating the 2D indices, calculated with the integer

matrix, from the 3D ones, obtained with the real matrix, also

including spatial information.
1.4. Quantitative structure–activity relationships

In particular, in this work, the correlation has been

performed between the TQSI acting as molecular descrip-

tors and experimentally measured toxicities. In all cases, the

QSTR model has been constructed using Partial Least

Squares regression [73–77]. The validation of the model has

been carried out using the cross-validation ‘leave-one-out’

technique [78]. In this approach, every component of the set

is eliminated once and, then, is predicted by the correspond-

ing model. The quantification of the quality of the model has

been assessed by means of the classical correlation or

determination coefficient, r2, the prediction coefficient, q2,

and, finally, a randomization test [79] has been performed in

order to ensure that no chance correlations have been

produced and there is no overparametrization. This

technique consists in altering the order of property values

and performing the QSAR models in order to detect the

presence of chance correlations. If the correlation is

satisfactory, only the original vector should lead to

significant results.
2. Computational details

In this work, all molecular structures have been

optimized at the semiempirical AM1 level, using the

AMPAC 6.55 software [80].

Molecular density functions have been constructed using

the Promolecular Atomic Shell Approximation (ASA),

which expresses the density function as a sum of atomic

density contributions. The atomic densities are taken as a

linear combination of 1S Gaussian functions Si(r), which are

fitted to an atomic ab initio calculation with the 3-21G



Table 2

Dermal penetration values for 60 PAHs

N8 Compound PADA (%) N8 Compound PADA (%)

1 Coronene 0.7 31 3-Ethylfluoranthene 20

2 Dibenzo[a,l]pyrene 2 32 Triphenylene 20

3 9,10-Diphenylanthracene 6 33 7,8,9,10-Tetrahydroacephenan-

threne

20

4 Perylene 7 34 2,3-Benztriphenylene 20

5 Dibenzo[a,i]pyrene 8 35 Benzo[c]phenanthrene 20

6 3-Methylcholanthrene 8 36 1-Methylpyrene 22

7 9-Benzylidenefluorene 8 37 3,9-Dimethylbenz[a]anthracene 24

8 7,10-Dimethylbenzo(a)pyrene 8.3 38 2,3-Benzofluorene 25

9 Indeno(1,2,3-cd)pyrene 9 39 1,2-Benzofluorene 25

10 Dibenz[a,h]anthracene 9.4 40 9-Benzylfluorene 26

11 Benzo[e]pyrene 10 41 9-m-Tolylfluorene 29

12 Benzo[g,h,i]perylene 10 42 Pyrene 30

13 9-p-Tolylfluorene 10 43 2-Ethylanthracene 30

14 6-Ethylchrysene 10 44 10-Methylbenzo[a]pyrene 32

15 9-Cynnamylfluorene 11 45 1-Methylanthracene 33

16 6-Methylbenz[a]anthracene 14 46 2-Methylfluoranthene 33

17 Benzo[k]fluoranthene 14 47 3,6-Dimethylphenanthrene 33

18 Benzo[a]pyrene 15 48 Benzo[a]anthracene 35

19 3-Ethylpyrene 18 49 Fluorene 36

20 1-Methyl-7-isopropylphenanthrene 20 50 2-Methylphenanthrene 38

21 2-(tert-Butyl)anthracene 20 51 9-Ethylfluorene 38

22 9-Phenylanthracene 20 52 1-Methylphenanthrene 40

23 3-Methylcholanthrene 20 53 9,10-Dihydrophenanthrene 40

24 10-Methylbenz[a]anthracene 20 54 9-Vinylanthracene 40

25 5-Methylbenz[a]anthracene 20 55 Anthracene 42

26 9,10-Dihydroanthracene 20 56 Fluoranthene 42

27 9-Phenylfluorene 20 57 1-Methylfluorene 49

28 1,2,3,6,7,8-Hexahydropyrene 20 58 2-Methylanthracene 50

29 n-Butylpyrene 20 59 4H-cyclopenta(d,e,f)phenanthrene 50

30 5,6-Dihydro-4H-dibenz[a,k,l]anthracene 20 60 Phenanthrene 50

Table 3

Statistical results obtained in the optimal model for the set of 60 PAHs

N8 indices N8 descriptors r2 q2

13 5 0.6940 0.6524
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basis set [81–84].

rASA
A ðrÞ Z

Xk

a2A

ZarASA
a ðrÞorASA

a ðrÞ Z
Xk

i2a

wijSiðrÞj
2 (16)

where wi are the coefficients fitted to the linear

expansion, which are constrained to be positive definite

and normalized to the unity in the case of atoms and to the

number of electrons in molecules.

KnðwÞh w2VnðR
CÞo hwi Z

X
i

wi Z 1

( )
(17)

Once fitted, atomic densities are stored in a database, and

the molecular densities are then simply built by con-

veniently adding these elementary pieces. ASA coefficients

and exponents for an assorted sample of atoms can be seen

and downloaded from the website of Ref. [85].

The corresponding functions exponents and coefficients

are assigned to each type of atom as follows: one to the

atoms of the first period, three to the second, four to the third

and five to the fourth. Specifically, in the systems where an

iodine atom appeared, Huzinaga basis set [83] was used.
3. Results and discussion

In order to test this new methodology, three different

families, which exhibit different kind of toxicity, have been

studied.

In the first case, the dermal penetration of a set of 60

commercially available Polycyclic Aromatic Hydrocarbons

was correlated with the computed TQSI. Thereafter, the

Inhibitory Growth Concentration of two families, one

composed by 30 aliphatic alcohols and amines and the

other, by 48 selected anilines, were also studied.
3.1. First molecular set: dermal penetration of polycyclic

aromatic hydrocarbons

In the first application example, a set consisting of 60

commercially available PAHs, with a structure of 3 up to 7

fused rings, has been tested. The concrete molecular set and

the activity values are given in Table 2. Percutaneous
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Fig. 1. Cross-validated versus experimental percutaneous absorption values, and randomization test for the optimal model for the set of 60 PAHs.
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absorption was in vitro measured on rat skin sections of

about 350 mm. Property values were expressed as the

percentage of applied dose (PADA) penetrating the skin a

day after the application of the dosing solutions. The work

of Roy et al. [86] can be consulted for technical aspects for

the measurement experiments. It has been found that dermal

penetration of PAHs with 1 or 2 aromatic rings was difficult

to measure because of the volatility and loss from the skin

surface during the biological essays. Interest was primarily

focused on the carcinogenic PAHs, mainly comprised

within the 4–6 ring structures. Some errors in the chemicals’

nomenclature had been noticed in a previous work and

amended. These corrected structures and molecular

coordinates can be seen and downloaded from the IQC

Website [87].

After calculating the indices previously defined, Partial

Least Squares Regression was performed and the best model

was takenas theonepresenting theoptimalvalueofprediction
Table 4

Relative toxicity for 30 aliphatic alcohols and amines

N8 Compound LogðIGCK1
50 Þ N

1 Methanol K2.77 1

2 Ethanol K2.41 1

3 1-Propanol K1.84 1

4 1-Butanol K1.52 1

5 1-Pentanol K1.12 2

6 1-Hexanol K0.47 2

7 1-Heptanol 0.02 2

8 1-Octanol 0.50 2

9 1-Nonaol 0.77 2

10 1-Decanol 1.10 2

11 1-Undecanol 1.87 2

12 1-Dodecanol 2.07 2

13 1-Tridecanol 2.28 2

14 2-Propanol K1.99 2

15 2-Pentanol K1.25 3
coefficient, taking into account the number of descriptors

used. That is, if the election of a major number of parameters

did not justify the quality of the model, it was rejected.

In this case, after computing a total of 13 indices

including the above mentioned up to third order, the best

model was chosen as the one with five descriptors. The

statistical values obtained are shown in Table 3.

This set had also been previously studied using only

Quantum Similarity Theory, employing overlap and Cou-

lomb measures [87]. When analyzing the results, it was

observed that the quality of the models with Coulomb

MQSM was notably better than those built employing

overlap MQSM, because of the particular structure of the

studied set, which did not allow an exact intermolecular

atom–atom matching. The optimal model, computed using

Principal Component Analysis, was found when using three

Principal Components, obtaining the values of r2Z0.684

and q2Z0.634, below the results obtained with this new
8 Compound LogðIGCK1
50 Þ

6 3-Pentanol K1.33

7 2-Methyl-1-butanol K1.13

8 3-Methyl-1-butanol K1.13

9 3-Methyl-2-butanol K1.08

0 (tert)Pentanol K1.27

1 (neo)Pentanol K0.96

2 1-Propylamine K0.85

3 1-Butylamine K0.70

4 1-Maylamine K0.61

5 1-Hexylamine K0.34

6 1-Heptylamine 0.10

7 1-Octylamine 0.51

8 1-Nonylamine 1.59

9 1-Decylamine 1.95

0 1-Unidecylamine 2.26



Table 5

Statistical results obtained in the optimal model for the set of 30 aliphatic

alcohols and amines

N8 indices N8 descriptors r2 q2

13 4 0.8875 0.8587
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methodology. Comparing the values of statistical coeffi-

cients with the ones achieved with the model with five

descriptors, with r2Z0.699 and q2Z0.632, those neither

improve significantly the former results.
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Fig. 2. Cross-validated versus experimental percutaneous absorption values, and r

and amines.

Table 6

Relative toxicity for 48 anilines

N8 Compound LogðIGCK1
50 Þ N8

1 2-Methylanilline K0.55 25

2 2-Ethylanilline K0.25 26

3 2-Propylanilline 0.06 27

4 2-Isopropylanilline 0.1 28

5 2-Phenylanilline 0.86 29

6 2-Fluoroanilline K0.31 30

7 2-Chloroanilline K0.09 31

8 2-Bromoanilline 0.46 32

9 2-Iodoanilline 0.35 33

10 3-Methylanilline K0.43 34

11 3-Ethylanilline K0.12 35

12 3-Phenylanilline 0.78 36

13 3-Fluoroanilline 0.04 37

14 3-Chloroanilline 0.09 38

15 3-Bromoanilline 0.52 39

16 3-Iodoanilline 0.61 40

17 4-Methylanilline K0.02 41

18 4-Ethylanilline 0.04 42

19 4-Propylanilline 0.49 43

20 4-Isopropylanilline 0.21 44

21 4-Butylaniline 1.05 45

22 4-Pentylaniline 1.67 46

23 4-Hexylaniline 2.04 47

24 4-Octylaniline 2.34 48
Fig. 1 shows a representation of the cross-validated

versus the experimental percutaneous absorption values. As

this plot evidences, a possible cause for the poor results in

correlation and prediction of this set can be due to the

peculiar distribution of the experimental data. In most cases,

the measurement of the dermal penetration is expressed by

an integer number, precluding the appreciation of slight

differences within the studied activity. For example, the 16

molecules with exactly the same PADA value of 20%

present the highest residuals in the model. As it has been
0 0.2 0.4 0.6 0.8 1

r2

–0.8

–0.4

0

0.4

0.8

andomization test for the optimal model for the set of 30 aliphatic alcohols

Compound LogðIGCK1
50 Þ

4-Phenylaniline 0.95

2,4-Dimethylaniline K0.3

2,5-Dimethylaniline K0.35

2,6-Dimethylaniline K0.43

3,4-Dimethylaniline K0.29

3,5-Dimethylaniline K0.37

2,3-Dichloroaniline 1.02

2,4-Dichloroaniline 0.56

2,5-Dichloroaniline 0.58

2,6-Dichloroaniline 0.33

3,4-Dichloroaniline 1.14

3,5-Dichloroaniline 0.71

2-Chloro-4-methylaniline 0.24

2-Chloro-5-methylaniline 0.2

2-Chloro-6-methylaniline 0.12

3-Chloro-2-methylaniline 0.45

3-Chloro-4-methylaniline 0.45

4-Chloro-2-methylaniline 0.35

5-Chloro-2-methylaniline 0.51

2,3,4-Trichloroaniline 1.35

2,4,5-Trichloroaniline 1.3

2,4,6-Trichloroaniline 1.01

3,4,5-Trichloroaniline 1.51

2,6-Dichloro-3-methylaniline 0.69



Table 7

Statistical results obtained in the optimal model for the set of 48 anilines

N8 indices N8 descriptors r2 q2

10 7 0.8229 0.7904
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previously discussed, chance correlations are examined

with the randomization test. Throughout this work, the

randomized responses (100) have been marked with circles,

and the correctly ordered activity has been marked with a

cross in bold face. As it can be clearly appreciated, a

separation between the statistical coefficients belonging to

real data and those associated to randomized properties

ensure that a real structure–property relationship has been

found.
3.2. Second molecular set: inhibitory growth concentration

of 30 aliphatic alcohols and amines

In the second and third molecular families, toxicity tests

were performed using the Tetrahymena pyriformis popu-

lation growth assay, which includes several parameters,

such as the initial pH, the temperature, the shape and the

volume of the culture system, the amount of medium and the

age and volume of inoculums. Further references concern-

ing the method can be found in some reviews by Holz,

Cameron, and Levy [88–90]. For each toxicant, the IGC50

(50% inhibitory growth concentration) was determined for

three replicates at different concentration, having into

account that specific absorbance and concentration are

directly proportional. QSARs were examined using the

logarithm of the inverse of the IGC50, log ðIGCK1
50 Þ. The

structures and the activity values of the first molecular set,

the family composed by 30 aliphatic alcohols and amines,

are shown in Table 4. In this case, the model described with

four parameters was chosen as the optimal. The values
0

Experimental Activity

0

P
re

di
ct

ed
 A

ct
iv

ity

–

q2

Fig. 3. Cross-validated versus experimental percutaneous absorption values, a
obtained after performing the statistical protocol are given

in Table 5. As can be easily regarded, satisfactory results

have been obtained, with coefficient values above 0.8.

In this set, the predicted versus the experimental activity

has also been plotted in Fig. 2. This figure reveals that the

normal aliphatic amines are slightly more toxic than the

aliphatic alcohols. This probably reflects a pH effect due to

the basicity of the amines. Besides, the randomization test

shows that results corresponding to altered data do not reach

statistically significant levels, with q2 lower than 0.3 for all

cases.
3.3. Third molecular set: inhibitory growth concentration

of 48 anilines

In the third application example, presented in Table 6, a

system formed by 48 anilines was studied. In this case,

attending to the larger size of the set, a greater number of

descriptors has to be considered in order to appropriately

describe the molecular system. Concretely, in the results

shown in Table 7, seven descriptors were considered in

order to describe the system.

In the two latter cases, a study of Schultz et al. [91]

performed QSAR calculations modeling the data using least

squares regression (general linear model procedure) and

measuring the model adequacy with the coefficient of

determination and the root of the mean square for error.

In comparison with this work, Schultz models result in a

better quality; however, as no prediction studies were made,

the comparison cannot be complete. In the second set, a

value of r2Z0.952 was achieved, while in the third one an

r2Z0.872 was obtained. It has to be taken on account that,

in both cases, the negative logarithm of the IGC50 was

correlated to the logarithm of Kow, the logarithm of

1-octanol/water partition coefficient, as the independent

variable.
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Cross-validated versus experimentally measured inhibi-

tory growth concentrations in Fig. 3, molecule 24 has been

removed from this plot, because the model depicted a log

ðIGCK1
50 Þ of 5.70 for the measured 2.34. This compound has

been considered as an outlier, because of the great

difference between the measured and the predicted value.

Finally, the randomization test shows that a real structure–

toxicity relationship has been found.
4. Conclusions

A series of polycyclic aromatic hydrocarbons and aquatic

toxicants have been tested, after computing a set of novel

descriptors. After building the QSAR models, and the

results have been compared with other works reported in the

literature. It has been shown that the application of Quantum

Similarity Theory together with the classical topological

approach in order to obtain Topological Quantum Similarity

Indices yields to satisfactory results, which can improve the

models obtained using only similarity measures.
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[44] R. Carbó, E. Besalú, Molecular similarity and reactivity: from

quantum chemical to phenomenological approaches in: R. Carbó
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Sci. 38 (1998) 624.
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[81] P. Constans, R. Carbó, J. Chem. Inf. Comp. Sci. 35 (1995) 1046.
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