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Abstract

Quantitative structure–activity/property–activity relationships (QSAR/QPARs) are developed that correlate the
observed mutagenic activity of 43 aminoazobenzene derivatives with a variety of molecular descriptors calculated using
quantum-chemical semiempirical methodology. Models based on multilinear regression techniques and artificial neural
networks are presented that account for more than 80% of the variation in the reported relative mutagenicity of these

compounds.
# 2002 Elsevier Science Ltd. All rights reserved.
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1. Introduction

As early as 1937, Kinosita [1] reported that
N,N-dimethyl-4-aminoazobenzene (DAB), an azo
dye once used as a hair colorant, produces hepa-
tomas and cholangiomas in the liver of rats when
included as part of their diet over a period of sev-
eral months [1]. Since then, it has been con-
clusively demonstrated that a variety of
4-aminoazobenzene (AAB), N-methyl-4-aminoa-
zobenzene (MAB) and N,N-dimethyl-4-aminoa-
zobenzene (DAB) derivatives are mutagenic and/
or carcinogenic [2–5]. Interestingly, the potency of
these compounds is strongly dependent on the

nature and position of substituents with respect to
both the aromatic rings and the amino nitrogen
atom. For example, 3-methoxy-4-aminoazo-
benzene (3-OMe-AAB) is a potent hepatocarcino-
gen in rats and a strong mutagen in Escherichia
coli and Salmonella typhimurium, whereas 2-OMe-
AAB is apparently a non-carcinogen and an
extremely weak mutagen under similar conditions
[6]. The biochemical mechanisms responsible for
such divergent behavior are not yet fully under-
stood [7–11].
The purpose of this paper is to derive quantita-

tive structure-activity/property-activity relation-
ships (QSAR/QPARs) for the mutagenicity (rev/
nmol) of a variety of AAB, MAB, and DAB deri-
vatives in the S. typhimurium TA98 bacterial strain
with S9 activation (TA98+S9); this particular
bacterial strain is well known to detect frameshift
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mutagens. Since these azo compounds require
metabolic activation prior to reaction with cellular
macromolecules [9], we have included some of
their metabolites, e.g. N–OH–AAB, in our ana-
lyses, although none of their reductive-cleavage
products have been utilized.
An array of QSAR/QPAR methods have been

developed to analyze genotoxicity data and these
methods have been applied with considerable suc-
cess to various classes of molecules [12–22]. In
particular, the computer-assisted substructural-
based methods of Enslein and Borgstedt [19],
Rosenkranz and Klopman (CASE) [20], and Rose
and Juys (ADAPT) [21], have been used for some
aminoazo dyes. For example, the CASE system
predicted that the presence of a 1-amino-2-napthol
residue in azo dyes is mutagenic, but that sulfo-
nation at the C-3, C-4, or C-6 position reduces this
mutagenicity [20]. Claxton et al. [22] trained the
ADAPT system using a database of 25 active and
13 inactive azo dyes to correctly predict the activ-
ity/inactivity of 37 out of 44 dyes that were not
included in the database; interestingly, only five
simple descriptors (number of oxygen atoms,
number of nitrogen atoms, and three geometrical
parameters involving the principal axis) were
required in their analysis. Our focus is on devel-
oping QSAR/QPARs for aminoazobenzene deri-
vatives based on their relative mutagenic activity
in specific bacterial strains, not just on whether a
compound is active or inactive. We envision that
this analysis will provide additional insight into
those factors that contribute to mutagenic activity
in this class of compounds.
We have restricted this initial study to deriva-

tives that contain only a single azo linkage
between two aromatic rings and for which there is
an amino or substituted amino group at the
4-position; compounds that contain sodium or
potassium salts of sulfonic acid groups as sub-
stituents were excluded from this investigation.
For each of the compounds in this study a large
set of molecular descriptors, i.e. numerical char-
acteristics of molecules derived on the basis of
their chemical constitution, topology, geometry,
inherent wave function, and potential energy sur-
face, were calculated using quantum-chemical
semiempirical methodology. These descriptors

were then used to construct multilinear regression
and artificial neural network models for the
observed mutagenic activity.
In general, QSAR/QPAR studies can be useful

in establishing biochemical mechanisms/interac-
tions, and in developing combinatorial strategies
for the synthesis of environmentally safe chemi-
cals. Such studies involving aminoazobenzene
derivatives are particularly important because of
their widespread use in the textile industry [23],
and in the synthesis of polymer supported cata-
lysts [24], dendrimers [25], and chemosensors for
monosaccharides [26]. Recently, azo dyes have
been utilized to selectively functionalize the explo-
sive 2,4,6-trinitrotoluene to a surface-enhanced
resonance Raman active species that allows for
sensitive detection [27].

2. Methods

We employed the program CODESSA [28], in
conjunction with the program AMPAC 5.0, [29] to
develop correlation equations for the aminoazo-
benzene derivatives in this investigation;
CODESSA has been used successfully to establish
correlations in a variety of applications [30–33].
The structures of all the compounds involved in
this study were fully optimized at the semi-
empirical AM1 computational level as imple-
mented in AMPAC 5.0; many of these compounds
have numerous local minima on their potential
energy surfaces and extensive searches were per-
formed to locate those conformers with the lowest
heat of formation, �Hf. Structural and electronic
properties for some of these azo derivatives calcu-
lated using density functional theory at the BP/
DN** computational level [34] can be found in
our previous papers [35–37]. The CODESSA/
AMPAC integrated software package was used to
calculate hundreds (>300) of molecular descrip-
tors (constitutional, topological, geometrical, elec-
trostatic, quantum-chemical, and thermodynamic)
for each of the compounds in this study. The log
of the octanol–water partition coefficient, logP
[38], which has been implicated in a variety of
mutagenicity QSAR/QPARs [15,16], and the log
of the aqueous solubility, logS, were calculated
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using the additive-constitutive approach imple-
mented in the logD suite (version 4.5) from
Advanced Chemical Development, Inc. [39], and
added to the pool of descriptors. The entire col-
lection of descriptors was then used in conjunction
with the statistical facilities of CODESSA to
develop multilinear regression models for the log
of the measured mutagenicity (rev/nmol) in
TA98+S9, logTA98.
Using the pool of descriptors discussed above,

the software package Neuroshell Predictor from
Ward Systems Group, Inc. [40] was employed to
develop artificial neural network (ANN) models
[41] for logTA98. The basic building blocks of
ANNs are simulated neurons which are connected
via a network, see Fig. 1. The network in Neuro-
shell Predictor begins by finding linear relation-
ships between the inputs (calculated values of
molecular descriptors) and the outputs (measured
values of mutagenic activity). Weight values are
assigned to the links between the input and output
neurons. After these linear relationships are
established, neurons are added in a ‘‘hidden layer’’

so that nonlinear relationships can be found.
Neural networks are known for their ability to
model a wide range of functions without any a
priori knowledge of the underlying concepts.

3. Results and discussion

In Table 1 we list the observed mutagenicity
data in the TA98+S9 for the aminoazobenzene
derivatives included in this study; calculated
values of logP and logS and reported melting
point values have also been included in this table
[3,4,42–55]. Our literature survey found values for
the mutagenic activity in TA98+S9 of 43 ami-
noazobenzene derivatives. It should be noted that
these measurements come from a variety of
laboratories, over an extended period of time and,
as a result, are likely to involve some ‘‘noise,’’ e.g.
the mutagenicity of 30-Me-MAB has been reported
as 445 rev/nmol [4] and also as 233 rev/nmol [51].
Fortunately, the mutagenic activity of these 43
compounds span over 4 orders of magnitude and
provide a broad range of activity as input for
QSAR/QPAR development.
The calculated values of logP (at pH=7) for the

molecules in Table 1 range from 1.6 to 5.2, show-
ing that these azo derivatives have a relatively
broad range of hydrophobic character; the aver-
age value of logP for these 43 compounds is 3.51
with a standard deviation of 0.83. Values of logP
in this range are typical of those found for most
drugs produced by the pharmaceutical industry,
where logP is generally less than 5 [56]. The values
of logS (at pH=7) for the molecules in Table 1,
calculated without using experimental melting
point data, are generally negative, confirming their
relatively low solubility in water. When values of
the melting points of these azo derivatives could
be found in the literature, their aqueous solubi-
lities were recalculated with the ACD software [39]
using this additional data and the resulting, gen-
erally more reliable [39], values of logS are also
listed in Table 1. In cases where the melting point
is unusually high, the predicted solubility is gen-
erally lower than that predicted in the absence of
melting point data, e.g. the melting point of
30-COOH-MAB has been reported as 207–208 �CFig. 1. Artificial neural network schematic.
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Table 1

Observed mutagenicity (rev/nmol) in the TA98 Salmonella typhimurium bacterial strain with S9 activation, calculated values [39] of

logP and logS and melting points (�C), for derivatives of (A) AAB, (B) MAB, (C) DAB, and for (D) their metabolites

Compounds Mutagenic activity in TA98+S9

(rev/nmol) [Ref.]

LogPa LogSb Melting point

(�C) [Ref.]

(A) AAB (R=R0=H)

40-NEt2-3-OMe-AAB 0.007 [42] 5.16 �3.41(�3.77) 147–149 [43]

2-OMe-AAB 0.010 [44] 3.87 �1.85(�2.43) 157–159 [3]

40-OH-AAB 0.053 [45] 2.55 �0.66(�1.34) 180–181 [46]

30-Me-40-OH-AAB 0.059 [4] 3.01 �1.14 c

40-OH-20,3-diMe-AAB (40-OH-OAT) 0.112 [47] 3.47 �1.62 c

AAB 0.204 [42] 3.13 �1.05(�1.39) 124–125 [48]

30-Me-AAB 0.240 [4] 3.59 �1.52(�1.57) 89–91 [46]

3-OMe-40-N(CH2CH2OH)2-AAB 0.390 [42] 2.58 �1.48(�1.32) 129–131 [43]

30-CH2OH-AAB 0.596 [4] 1.94 �0.25(�0.23) 107–109 [49]

3-OH-AAB 0.687 [45] 2.97 �1.02 c

3-OCH2CH2OH-4
0-N(CH2CH2OH)2-AAB 1.052 [42] 1.60 �0.89(�0.54) 132–134 [43]

3-OCH2CH2OH-AAB 1.348 [42] 2.51 �0.92(�0.49) 65–67 [43]

20-CH2OH-3-Me-AAB 2.012 [47] 2.40 �0.72 c

40-OMe-AAB 2.300 [44] 2.95 �1.09(�1.57) 155–159 [3]

20,3-diMe-AAB (OAT) 2.676 [47] 4.05 �2.00(�2.14) 101–102 [50]

3-OBu-AAB 4.983 [42] 5.08 �3.15(�2.92) 63–65 [43]

3-OEt-AAB 13.802 [42] 4.02 �2.07(�2.20) 107–109 [43]

3-OPr-AAB 18.919 [42] 4.55 �2.60(�2.61) 97–98 [43]

3-OMe-AAB 77.065 [42] 3.48 �1.54(�1.68) 110–111 [43]

(B) MAB (R=CH3, R
0=H)

30-Me-40-OH-MAB 0.071 [4] 3.67 �1.77 c

30-COOH-MAB 0.124 [4] 3.52 1.00(0.16) 207–208 [49]

(continued on next page)
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Table 1 (continued)

Compounds Mutagenic activity in TA98+S9

(rev/nmol) [Ref.]

LogPa LogSb Melting point

(�C) [Ref.]

40-OH-MAB 0.140 [45] 3.21 �1.30 c

MAB 0.183 [51] 3.79 �1.68(�1.74) 87.5–88 [51]

40-Me-MAB 0.283 [51] 4.25 �2.16(�2.35) 105–105.5 [51]

30-Me-MAB 0.445 [4] 4.25 �2.16(�2.39) 109–109.5 [46]

30-CH2OH-MAB 0.503 [4] 2.60 �0.89(�0.10) 119–121 [4]

(C) DAB (R=R0=CH3)

30-Me-40-OH-DAB 0.110 [52] 4.31 �2.41 c

DAB 0.140 [52] 4.43 �2.31(�2.62) 117–118 [46]

30-COOH-DAB 0.201 [4] 4.17 0.37(�0.52) 212–213 [49]

2-Me-DAB 0.220 [52] 4.89 �2.80(�2.56) 64–66 [53]

30-Me-DAB 0.356 [4] 4.89 �2.80(�3.52) 169–170 [49]

30-CHO-DAB 0.383 [4] 3.91 �2.07(�2.06) 97–99 [49]

30-CH2OAC-DAB 0.518 [4] 4.14 �2.55(�2.13) 64–66 [49]

30-CH2OH-DAB 0.601 [4] 3.25 �1.52(�1.64) 122–123 [49]

(D) Metabolites (R=OH, Ac; R0=H, CH3)

30-Me-AAB-N-Ac 0.087 [4] 3.73 �1.92 c

30-Me-40-OH-AAB-N-Ac 0.089 [4] 3.15 �1.54(�2.13) 188 [49]

N-OH-2-OMe-AAB 0.110 [54] 4.08 �2.14(�2.59) 145–146d [44]

30-Me-MAB-N-Ac 0.524 [4] 3.03 �1.43(�1.70) 149–150 [49]

N-OH-MAB 0.650 [55] 2.74 �0.92(�1.51) 171–174 [51]

N-OH-30-Me-MAB 1.000 [51] 3.20 �1.40 c

N-OH-AAB 1.030 [54] 2.98 �1.03(�1.89) 195–197 [44]

N-OH-40-Me-MAB 1.132 [51] 3.20 �1.40 c

N-OH-3-OMe-AAB 192.000 [54] 3.08 �1.30(�1.38) 113–114d [44]

a These values of logP are calculated at pH=7 [39].
b The values of S (g/l) were calculated at pH=7. The values in parentheses were recalculated using the melting point data; this is expected to

give better estimates of the aqueous solubility [39].
c Melting points for these compounds could not be found.
d Melting points of hydrochloride salts.
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and, using this data, the calculated value of logS is
reduced from 1.00 to 0.16.

4. Multilinear regression models

The statistical models we developed primarily
used the best multilinear regression (BMLR)
method implemented in CODESSA [28]; this
method selects the best two-descriptor regression
model, the best three-descriptor regression model,
etc., based on the highest value of the square of
the regression coefficient, R2. The models are con-
stituted from a reduced set of non-collinear
descriptors as determined by the pair correlation
matrix. The heuristic method implemented in
CODESSA [28] was employed in a few instances
to provide alternative correlation equations (albeit
with lower R2 values) to increase the number and
diversity of descriptors that were considered in
developing ANN models.
In Table 2 we list BMLR equations using

N descriptors (N=3–5) for the relative mutagenic
activity of the 43 aminoazobenzene compounds
listed in Table 1; Fisher criterion F-values, F, var-
iances, s2, and squares of the regression corre-
lation coefficients, R2, are also given in Table 2A.
The descriptors in the correlation equations in

Table 2 are identified in Table 3 [28,29,38,39,57–
64]. Correlation plots of the 4- and 5-descriptor
BMLR models are shown in Fig. 2A and B,
respectively; the observed values of logTA98 and
those predicted from the various models are given
in Table 4. As can be seen from Table 2, a
4-descriptor equation accounts for about 79% of
the variation in mutagenic activity of the azo
derivatives in Table 1, and increasing the number
of descriptors to 5, leads to an equation that
accounts for 85% of the variation.
It is interesting to note that the hydrophobicity

descriptor logP does not appear in any of these
BMLR correlation equations. At first sight this
may seem somewhat surprising since the QSAR
studies of Debnath et al. [15] suggest that hydro-
phobicity plays an important role in regulating
mutagenic activity in TA98+S9 for a variety of
aromatic and heteroaromatic amines. It should be
noted, however, that their investigation involved a
much more diverse collection of parent structures,
e.g. anthracenes, phenanthrenes, fluorenes, etc.
but no aminoazo derivatives. Furthermore, it is
evident from Table 1 that these aminoazobenzene
compounds can have rather similar values of logP
but quite different mutagenic activities. Never-
theless, we used the heuristic method implemented
in CODESSA to force logP into a 5-descriptor

Table 2

Quantitative structure–activity/structure–property relationships for the mutagenicity of the aminoazobenzene derivatives in Table 1a

QSAR/QPAR N R2 s2 F

(A) BMLR equations

log TA98=261.03(�55.35)+842.33(�151.21)Q1�1.06(�0.21)Q2+0.01(�0.00)E1 3 0.66 0.28 25.22

log TA98=�2.03(�1.41)�4.23(�0.60)E2+22.54(�3.05)Q3+701.94(�104.01)Q1�0.40(�0.07)H1 4 0.79 0.18 34.56

log TA98=-60.51(�41.61)�4.22(�0.52)E2�0.46(�0.07)Q4+573.29(�95.55)Q1�0.41(�0.06)H1+

75.01(�19.34)Q5

5 0.85 0.13 40.41

(B) Heuristic equation

log TA98=6.02(�1.76)+20.94(�3.07)Q3�7.55(�1.52)G1�0.29(�0.09)O1�3.81(�0.66)E2+436.31

(�90.05)Q1

5 0.80 0.18 28.96

a The molecular descriptors are identified in Table 3.
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Table 3

Molecular descriptors for the QSAR/QPAR models in Table 2

Classification/label Molecular descriptors Reference

Geometrical

G1 XY Shadow/XY Rectanglea [28,57]

Electrostatic

E1 WPSA-2 Surface weighted partial positive surface areab [28,58,59]

E2 Polarity parameter/(distance)2 =(Qmax�Qmin)/(distance)
2 [28,60,61]

Quantum-chemical

Q1 Average electrophilic reactivity index for a N atom [28,62]

Q2 Maximum electron-nuclear attraction for a C–C bond [28,29]

Q3 Minimum net atomic charge for a C atom [28]

Q4 Maximum electron-nuclear attraction for a C atom [28,63]

Q5 Maximum bond order of an N atom [28,64]

Thermodynamic

H1 Final heat of formation/number of atoms [28,29]

Others

O1 LogP [38,39]

a This is one of six indices defined by Rohrbaugh and Jurs [57] that encode size and shape information about a molecule in three

mutually perpendicular perspectives defined by the axes of inertia.
b This parameter is one of the charged partial surface area descriptor invented by Stanton and [58] and is calculated as (PNSA-

2)*TMSA/1000, where PNSA-2 is the total charge weighted partial positive surface area and TMSA is the total molecular surface

area.

Fig. 2. Correlation Plots for the (A) 4-descriptor and (B) 5-descriptor BMLR equations in Table 2.
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Table 4

Observed values of logTA98 and predicted values of logTA98 from the BMLR and heuristic QSAR/QPAR equations in Table 2 for

the 43 compounds in Table 1

Compounds Observed values of logTA98 Predicted values of logTA98

BMLR Heuristic

3-Descriptor 4-Descriptor 5-Descriptor 5-Descriptor

(A) AAB

40-NEt2-3-OMe-AAB �2.15 �1.93 �2.06 �2.11 �2.32

2-OMe-AAB �2.00 �1.41 �2.16 �2.17 �1.59

40-OH-AAB �1.28 �1.01 �1.00 �1.24 �1.03

30-Me-40-OH-AAB �1.23 �0.93 �0.76 �0.96 �0.80

40-OH-20,3-diMe-AAB (40-OH-OAT) �0.95 �0.26 �0.86 �0.87 �1.19

AAB �0.69 �0.75 �0.78 �0.85 �0.41

30-Me-AAB �0.62 �0.61 �0.53 �0.55 �0.24

3-OMe-40-N(CH2CH2OH)2-AAB �0.41 �0.96 �0.31 �0.37 �0.36

30-CH2OH-AAB �0.22 �0.38 �0.34 �0.44 �0.08

3-OH-AAB �0.16 +0.36 +0.22 +0.11 +0.14

3-OCH2CH2OH-4
0-N(CH2CH2OH)2-AAB +0.02 +0.20 +0.07 +0.02 +0.06

3-OCH2CH2OH-AAB +0.13 +0.83 +0.59 +0.54 +0.69

20-CH2OH-3-Me-AAB +0.30 +0.53 +0.16 +0.30 �0.21

40-OMe-AAB +0.36 �0.63 +0.37 +0.10 +0.34

20,3-diMe-AAB (OAT) +0.43 �0.22 �0.29 +0.30 �0.48

3-OBu-AAB +0.70 +0.94 +1.06 +1.00 +1.10

3-OEt-AAB +1.14 +0.45 +0.59 +0.54 +0.62

3-OPr-AAB +1.28 +0.72 +0.94 +1.04 +0.84

3-OMe-AAB +1.89 +0.26 +0.79 +0.92 +0.87

(B) MAB

30-Me-40-OH-MAB �1.15 �0.83 �0.79 �0.98 �0.92

30-COOH-MAB �0.91 �1.21 �0.87 �0.84 �0.74

40-OH-MAB �0.85 �0.91 �1.01 �1.26 �1.02

(continued on next page)
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Table 4 (continued)

Compounds Observed values of logTA98 Predicted values of logTA98

BMLR Heuristic

3-Descriptor 4-Descriptor 5-Descriptor 5-Descriptor

MAB �0.74 �0.50 �0.68 �0.77 �0.35

40-Me-MAB �0.55 �0.55 �0.63 �0.76 �0.62

30-Me-MAB �0.35 �0.36 �0.45 �0.48 �0.44

30-CH2OH-MAB �0.30 �0.16 �0.46 �0.49 �0.13

(C) DAB

30-Me-40-OH-DAB �0.96 �0.46 �0.56 �0.82 �1.06

DAB �0.85 �0.58 +0.06 �0.01 �0.30

30-COOH-DAB �0.70 �1.32 �0.98 �0.97 �1.13

2-Me-DAB �0.66 �0.59 �0.06 �0.69 �0.33

30-Me-DAB �0.45 �0.43 +0.26 +0.21 �0.19

30-CHO-DAB �0.42 �1.23 �0.41 �0.50 �0.31

30-CH2OAC-DAB �0.29 +0.16 +0.39 +0.34 +0.10

30-CH2OH-DAB �0.22 �0.23 �0.45 �0.32 �0.45

(D) Metabolites

30-Me-AAB-N-Ac �1.06 �1.06 �0.67 �0.27 �0.75

30-Me-40-OH-AAB-N-Ac �1.05 �1.04 �1.40 �1.27 �1.60

N-OH-2-OMe-AAB �0.96 �0.29 �1.30 �1.05 �0.81

30-Me-MAB-N-Ac �0.28 �0.32 �0.78 �0.32 �0.85

N-OH-MAB �0.19 +0.36 +0.04 +0.16 +0.27

N-OH-30-Me-MAB 0.00 +0.49 �0.23 +0.04 �0.12

N-OH-AAB +0.01 +0.08 �0.10 +0.04 +0.28

N-OH-40-Me-MAB +0.05 +0.35 �0.46 �0.31 �0.48

N-OH-3-OMe-AAB +2.28 +1.37 +1.80 +1.94 +1.95
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multilinear regression model; the remaining 4
descriptors were chosen as usual to optimize R2.
The resulting correlation equation is listed in
Table 2, where it can be seen to account for about
80% of the variation in mutagenic activity; a
reoptimized 4-parameter multilinear regression
equation using the same descriptors, but without
logP, accounts for only 57% of the variation.
In general, it is not possible to identify unam-

biguously the mechanistic significance of each
descriptor in a QSAR/QPAR model, particularly
when the available data is rather limited. However,
several of the descriptors that appear in these
BMLR models at least seem reasonable. For
example, all three of the BMLR models in Table 2
suggest that the relative mutagenicity of these
aminoazobenzene derivatives increases as the
average electrophilic reactivity index, ERI, for all
the nitrogen atoms in the compound increases.
The ERI for a nitrogen atom is defined as

ERIN ¼S
j2N

Cj 2
LUMO

"LUMO þ 10
; ð1Þ

where CjLUMO denotes the jth atomic orbital
coefficient of the lowest unoccupied molecular
orbital (LUMO) and "LUMO is the orbital energy
of the LUMO [28]. Since metabolic reductive-
cleavage of the azo linkage and/or hydroxylation
at the amino nitrogen atom (and subsequent con-
version to an arylnitrenium ion) are believed to be
important steps in the onset of mutagenesis [7–11],
the presence of this descriptor in these correlation
equations seems appropriate. The ERI is a
measure of the acidity of a nitrogen atom: larger
values of this index occur at azo nitrogen atoms
and smaller values occur at amino nitrogen atoms.
We can gain some insight into factors that affect
ERIN by comparing ERIN values for the different
types of nitrogen atoms in the two positional iso-
mers 2-OMe-AAB and 3-OMe-AAB, whose rela-
tive mutagenic activities are so different. It should
be noted that AM1 finds the structures of these
isomers to be somewhat different: the methoxy
group in 3-OMe-AAB is significantly out-of-the-
plane of the benzene ring to which it is attached,
whereas in 2-OMe-AAB it is in the plane. The
value of ERIN for the amino nitrogen atom in

2-OMe-AAB is 
8% larger than it is in 3-OMe-
AAB, whereas the value for each of the two azo
nitrogen atoms in 3-OMe-AAB are 
14% larger.
This may suggest that some of the enhanced
mutagenic activity of 3-OMe-AAB compared to
2-OMe-AAB is linked to its capacity to undergo
reductive cleavage. It should also be mentioned
that an additional –NR2 (R=CH2CH3 or
CH2CH2OH) group on an aminoazobenzene deri-
vative lowers ERIN and the correlation equations
predict lower mutagenic activity. This is a reflec-
tion, for example, of the low activity of 40-NEt2-
3-OMe-AAB compared to that of the parent
compound 3-OMe-AAB, see Table 1.
Since the electrostatic descriptor (QMAX�Q-

MIN)/D
2 is common to two of the BMLR models

in Table 2 and also appears in two of our ANN
models (vide infra), it deserves some further dis-
cussion. The values of QMAX and QMIN in this
composite parameter are the maximum and mini-
mum of the empirical partial charges calculated
using the Sanderson electronegativity scale [65]
and D is the distance between the positions of
QMAX and QMIN. As can be seen from the 4- and
5-descriptor correlation equations, an increase in
the value of this descriptor for a compound in
Table 1 decreases its mutagenic activity. The
values of the so-called polarity parameter (QMAX–
QMIN) for the aminoazobenzene derivatives in
Table 1 vary over a relatively narrow range, 0.15–
0.27e, but the positions of QMAX and QMIN can
differ substantially and the values of (QMAX–
QMIN)/D

2 vary over some two orders of magnitude.
Thus, when the centers of maximum and minimum
atomic charge (based on electronegativity assign-
ments) are spatially localized, the relative muta-
genic activity of the compound is decreased.
All three BMLR equations, as well as the heur-

istic equation, in Table 2 involve at least one
descriptor associated with the carbon atoms in the
molecule. Detoxification mechanisms, e.g.
C-hydroxylation, are believed to play a role in the
relative mutagenic activity of aminoazobenzene
derivatives [47] and descriptors involving the car-
bon atoms may help incorporate such features
into the models.
In order to provide some measure of how well

these BMLR models perform in a predictive
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capacity, we chose 13 azo derivatives from the lit-
erature that have been classified either as ‘‘active’’
or ‘‘inactive’’ in TA98+S9, and predicted their
relative mutagenicity from each of the models, see
Table 5 [43,51,55,66]1; calculated values of logP and
LogS for these compounds and their experimental

melting points are also listed in this table. It
should be noted that the classification of a com-
pound as ‘‘inactive’’ may be somewhat misleading,
since the lower limits of detection in the reported
experiments are difficult to assess. For example,
Hashimoto et al. [44] classify 2-OMe-AAB as

Table 5

Predicted values of logTA98 from the 3-, 4-, and 5-descriptor BMLR and 5-descriptor heuristic models listed in Table 2 [28] for the 43

compounds in Table 1

Compounds LogP LogS Melting points

(�C) [Ref.]

Predicted values of log TA98

BMLR Heuristic

3-Descriptor

model

4-Descriptor

model

5-Descriptor

model

5-Descriptor

model

(A) Active compounds

20-COOH-DAB 4.91 0.26(0.46) 179–182 [66] �0.77 �0.56 +0.47 �0.94

20-Me-DAB 4.89 �2.80(�2.72) 72–73 [67] �0.46 +0.28 +0.75 �0.01

20-CH2OH-DAB 3.25 �1.52 a +0.29 �0.02 +0.02 �0.25

40-Me-DAB 4.89 �2.80(�3.49) 165–167 [68] �0.65 +0.09 �0.07 �0.54

40-CH2OH-DAB 3.25 �1.52 a �0.39 �0.59 �0.66 �1.04

40-MC-N-OH-MAB 3.09 �1.60(�1.96) 164–167 [55] �0.11 +1.22 +2.10 +0.54

(B) Inactive compounds

3-OPr-40-NEt2-AAB 6.22 �4.49(�4.46) 98–100 [43] �1.26 �1.91 �1.95 �1.94

3-OEt-40-N(CH2CH2OH)2-AAB 3.11 �2.03(�1.62) 100–102 [43] �1.00 �0.69 �0.71 �1.05

3-OPr-40-N(CH2CH2OH)2-AAB 3.64 �2.57(�2.10) 92–93 [43] �0.56 �0.65 �0.67 �0.80

3-OBu-40-N(CH2CH2OH)2-AAB 4.17 �3.11(�2.72) 100–102 [43] �0.01 �0.60 �0.63 �0.44

N-Et2-AAB 5.49 �3.37 a �0.48 �0.53 �0.62 �1.24

3-OCH2CH2OH-4
0-NEt2-AAB 4.18 �2.80 143–144 [43] �1.59 �1.98 �2.04 �1.74

40-MC-MAB 4.13 �2.36(�2.92) 171–173 [55] �1.54 �0.85 �0.28 �1.26

(C)

N-OAc-MAB 2.94 �1.37(�1.01) 74–76 [55] +0.65 �0.39 +0.08 �0.10

N-OAc-30-Me-MAB 3.40 �1.85(�1.57) 85.5–86.5 [51] +0.87 �0.28 +0.23 �0.32

N-OAc-40-Me-MAB 3.40 �1.85(�1.68) 98–99 [51] +0.73 �0.39 �0.02 �0.31

a Melting points for these compounds could not be found.

1 Compound synthesized in our laboratories. Private communication from U. Osterwinter, ACROS Organics BVBA, Belgium.
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inactive in TA98+S9, but the more recent work
by Freeman et al. [42] shows that this compound
has a low, but detectable, mutagenic activity in this
bacterial strain. In general, we chose the particular
aminoazobenzene derivatives in Table 5 to have
some structural similarity to the compounds used to
develop the QSAR/QPARs in Table 2, e.g. the
mutagenic activity of 3-OCH2CH2OH-4

0-
N(CH2CH2OH)2-AAB was used to develop the
correlation models which were then used to predict

the activity of the related inactive compound
3-OCH2CH2OH-4

0-NEt2-AAB.
2 On the other hand,

no values for the relative mutagenicity of halogen
substituted AAB derivatives is currently available
and we have not included them in Table 5. We have,
however, included 40-methoxycarbonyl-MAB or 40-
methylcarboxylate-MAB (40-MC-MAB) and its
metabolite 40-MC-N-OH-MAB although no meth-
oxycarbonyl compounds were used in the develop-
ment of the regression equations in Table 2.

Fig. 3. Correlation plots for three 3-descriptor ANN models.

2 Private communication from Prof. Freeman HS, North Carolina State University, Raleigh, NC 27695, USA.
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As can be seen from Table 5, on average, the
BMLR models do find the compounds classified
as active to have higher relative mutagenicity than
those classified as inactive, e.g. using the
5-descriptor BMLR model, the average value of
logTA98 for the six active compounds is +0.44
and for the seven inactive compounds is �1.21.
Interestingly, each of the models predicts the
mutagenic activity of 40-MC-N-OH-MAB to be
greater than that of the parent compound 40-MC-
MAB, as would be expected; however, the pre-
dicted increase, 2.4 log units with the 5-descriptor
BMLR model, is greater than that observed for
similar N-hydroxylations, <1 log unit in going
from MAB to N-OH-MAB, see Table 1. It is
important to note that all the regression models in
Table 2 consistently predict that four of the seven
inactive compounds are actually active to some
extent; only 3-OPr-40-NEt2-AAB and 3-OCH2-

CH2OH-4
0-NEt2-AAB could be labeled reason-

ably as inactive in the context of these models.
Part of the problem in using our correlation
equations with inactive compounds may be that
only 2 of the 43 compounds used to develop these
equations might be classified as inactive, e.g.
3-OMe-40-NEt2-AAB and 2-OMe-AAB. Addi-
tional data on weakly mutagenic azobenzene deri-
vatives are needed to enhance the predictive power

of these regression models. On the other hand,
some questions have been raised about the inac-
tivity of at least one of the compounds in Table 5,
solvent yellow 56, N-Et2-AAB [67].
We also used the BMLR models to predict

mutagenicities for three of the postulated metabo-
lites of MAB: N-OAc-MAB, N-OAc-30-Me-MAB,
and N-OAc-40-Me-MAB, see Table 5C. Muta-
genic activities for these compounds in the absence
of S9 have been reported and they are extremely
high, 26.0, 28.0, and 55.0 rev/nmol, respectively
[51]. As can be seen from the Table 5, their pre-
dicted values in the presence of S9 suggest that
these compounds are active, but their relative
mutagenicities seem rather low.

5. Artificial neural network (ANN) models

We next set about training ANNs to learn the
mutation data in Table 1. We started with a pool
of about 50 descriptors; these were chosen based
on our BMLR and heuristic studies described
above, as well as, on the findings of other authors
using different classes of molecules [12–22]. Only
three descriptors were needed to adequately train
these ANN models with the limited data available,
and we found a variety of 3-descriptor models for

Table 6

Molecular descriptors and their relative importance (%) for the artificial neural network models [40]

Model R2 a Molecular descriptors Relative importance (%) Ref.

I 0.88(0.97) Polarity parameter/(distance)2 55.9 [60,61]

Minimum net atomic charge for a carbon atom 37.4 [28]

Final heat of formation/number of atoms 0.7 [28,29]

II 0.86(0.95) Polarity parameter/(distance)2 49.6 [60, 61]

Average electrophilic reactivity index for nitrogen atom 42.3 [62]

LogP 8.1 [38]

III 0.84(0.91) Average electrophilic reactivity index for nitrogen atom 54.4 [62]

Average information content (order 0)b 34.9 [68–70]

Final heat of formation/number of atoms 10.7 [28,29]

a The values of R2 in parentheses were obtained with the Enhanced Generalization option turned off.
b The average information content (IC) is calculated using the equation IC=� Ni log2 Ni where Ni=ni/n and ni is the number of

atoms in the ith class and n is the total number of atoms in the molecule. The division of atoms into different classes depends on the

coordination sphere taken into account which leads to indices of different order k.
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Table 7

Observed values of logTA98 and predicted values of logTA98 from the ANN models [40] in Table 2 for the 43 compounds in Table 1

Compounds Observed values of logTA98 Predicted values of logTA98

Model I Model II Model IIIa

(A) AAB

40-NEt2-3-OMe-AAB �2.15 �1.57 �2.05 �2.03(�2.15)

2-OMe-AAB �2.00 �2.00 �1.37 �1.46(�2.01)

40-OH-AAB �1.28 �1.11 �0.68 �1.06(�1.27)

30-Me-40-OH-AAB �1.23 �0.92 �0.55 �0.81(�1.11)

40-OH-20,3-diMe-AAB (40-OH-OAT) �0.95 �0.98 �0.64 �0.90(�1.23)

AAB �0.69 �0.62 �0.41 �0.78(�0.69)

30-Me-AAB �0.62 �0.45 �0.43 �0.45(�0.60)

3-OMe-40-N(CH2CH2OH)2-AAB �0.41 �0.11 �0.56 �0.56(�0.41)

30-CH2OH-AAB �0.22 �0.48 �0.15 +0.08(+0.13)

3-OH-AAB �0.16 �0.14 �0.23 �0.23(�0.15)

3-OCH2CH2OH-4
0-N(CH2CH2OH)2-AAB +0.02 �0.09 �0.05 �0.19(+0.02)

3-OCH2CH2OH-AAB +0.13 �0.04 �0.02 +0.15(+0.20)

20-CH2OH-3-Me-AAB +0.30 �0.11 +0.39 +0.64(+0.27)

40-OMe-AAB +0.36 +0.48 +0.65 �0.33(�0.29)

20,3-diMe-AAB (OAT) +0.43 �0.03 �0.08 �0.14(+0.16)

3-OBu-AAB +0.70 +0.88 +0.55 +0.46(+0.46)

3-OEt-AAB +1.14 +0.38 +1.21 +1.36(+1.84)

3-OPr-AAB +1.28 +0.81 +0.85 +0.94(+1.11)

3-OMe-AAB +1.89 +1.07 +1.37 +0.86(+1.33)

(B) MAB

30-Me-40-OH-MAB �1.15 �0.90 �0.83 �0.54(�0.76)

30-COOH-MAB �0.91 �0.65 �0.96 �0.97(�0.89)

40-OH-MAB �0.85 �1.09 �0.58 �0.39(�0.39)

MAB �0.74 �0.76 �0.45 �0.61(�0.55)

(continued on next page)
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which R2 was above 0.90. Since we believe the
mutagenicity data in Table 1 is rather ‘‘noisy,’’
however, we used the Enhanced Generalization
option (at 50%) available in Neuroshell Predictor;
this feature typically reduces the value of R2 for

the data in the training set, but tends to enhance
the predictive power of the resulting models.
Correlation plots for three ANN models are

shown in Fig. 3; these particular models were
chosen to illustrate some of the features of this

Table 7 (continued)

Compounds Observed values of logTA98 Predicted values of logTA98

Model I Model II Model IIIa

40-Me-MAB �0.55 �0.43 �0.56 �0.68(�0.57)

30-Me-MAB �0.35 �0.43 �0.18 �0.38(�0.24)

30-CH2OH-MAB �0.30 �0.39 �0.56 �0.28(�0.46)

(C) DAB

30-Me-40-OH-DAB �0.96 �0.51 �1.00 �0.38(�0.98)

DAB �0.85 �0.75 �0.18 �0.51(�0.39)

30-COOH-DAB �0.70 �0.67 �0.90 �0.80(�0.70)

2-Me-DAB �0.66 �0.51 �0.64 �0.63(�0.47)

30-Me-DAB �0.45 �0.11 �0.31 �0.28(�0.08)

30-CHO-DAB �0.42 +0.08 �0.76 �0.59(�0.35)

30-CH2OAC-DAB �0.29 �0.22 �0.23 �0.02(�0.29)

30-CH2OH-DAB �0.22 �0.44 �0.55 �0.06(�0.30)

(D) Metabolites

30-Me-AAB-N-Ac �1.06 �1.06 �0.86 �0.92(�1.13)

30-Me-40-OH-AAB-N-Ac �1.05 �1.10 �1.22 �1.03(�1.05)

N-OH-2-OMe-AAB �0.96 �1.12 �1.19 �1.01(�0.54)

30-Me-MAB-N-Ac �0.28 �0.47 �0.13 �0.57(�0.61)

N-OH-MAB �0.19 +0.02 �0.29 �0.19(�0.24)

N-OH-30-Me-MAB 0.00 +0.06 �0.36 +0.18(+0.07)

N-OH-AAB +0.01 +0.07 �0.32 �0.55(�0.46)

N-OH-40-Me-MAB +0.05 �0.01 �0.57 �0.02(+0.05)

N-OH-3-OMe-AAB +2.28 +2.22 +1.78 +1.66(+2.13)

a The values in parentheses are the predicted values with the Enhanced Generalization Option turned off.
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approach. The molecular descriptors involved in
these models are listed in Table 6; values of R2 and
the relative importance of the various descriptors
in these models are also given in this Table. The
correlation plots in Fig. 3 clearly demonstrate how

well 3-descriptor ANN models (even with the
Enhanced Generalization option turned on) can
learn the mutagenicity data in Table 1; the pre-
dicted values of logTA98 for these three ANN
models are given in Table 7. (For comparison, we
have also listed the predicted values of logTA98
using Model III with the Enhanced Generalization
option turned off.) Model II includes logP as a
descriptor, but its relative importance to the
model is only about 8%. The average ERI and
(QMAX–QMIN)/D

2 descriptors, which played such
important roles in the BMLR equations, each
appear in two of the ANN models and their rela-
tive importance in the context of these models is
quite high, see Table 6.
The predicted relative mutagenicities from these

three ANN models for the 13 compounds classi-
fied as active/inactive and the three MAB meta-
bolites discussed above are listed in Table 8. All
three models generally predict that the six com-
pounds classified as active are active, although
specific values for some compounds, e.g.
20-CH2OH-DAB and 40-MC-N-OH-MAB, vary
substantially among the models. On the other
hand, these three models behave quite differently
with respect to the seven compounds classified as
inactive. For example, with Model I 4 of the 7
compounds are predicted to show some mutagenic
activity, whereas for Models II and III only one
compound, N-Et2-AAB, is predicted to be active
and, as mentioned previously, there are some ques-
tions about the classification of this molecule [67].
Although all three models suggest mutagenic activ-
ity for the metabolites of MAB, models I and III
predict significantly greater activity, see Table 8 C.

6. Conclusions

Aminoazobenzene derivatives and their related
structures are extremely important industrial col-
orants that have found a variety of new uses [23–
27]. Unfortunately, some of these compounds
have been shown definitely to be mutagenic/carci-
nogenic [2–5], although the detailed biochemical
mechanisms responsible for this behavior have not
been clearly delineated. The pioneering work by
Freeman et al. [42,43] has clearly demonstrated

Table 8

Predicted values of logTA98 from the 3-descriptor ANN mod-

els in Table 6

Compounds Predicted values of TA98

Model

I

Model

II

Model

IIIa

(A) Active compounds

20-COOH-DAB �0.79 �0.65 �0.56 (+0.11)

20-Me-DAB �0.17 �0.19 �0.01 (+0.38)

20-CH2OH-DAB �0.49 +0.22 +2.36 (+5.84)

40-Me-DAB �0.07 �0.64 �0.67 (�0.52)

40-CH2OH-DAB �0.45 �0.84 �0.36 (�0.51)

40-MC-N-OH-MAB +5.57 �1.49 +0.50 (+3.81)

(B) Inactive compounds

3-OPr-40-NEt2-AAB �2.52 �1.76 �8.96(�49.7)

3-OEt-40-(CH2CH2OH)2-AAB �0.52 �2.67 �2.50(�12.1)

3-OPr-40-(CH2CH2OH)2-AAB �0.51 �3.13 �5.36(�29.5)

3-OBu-40-(CH2CH2OH)2-AAB �0.44 �2.64 �9.26(�53.4)

N-Et2-AAB �1.27 +0.14 �0.19 (+0.13)

3-OCH2CH2OH-4
0-NEt2-AAB �1.87 �3.59 �4.97(�22.0)

40-MC-MAB +0.18 �1.55 �1.36 (+0.82)

(C)

N-OAc-MAB +0.64 +0.09 +1.35 (�1.52)

N-OAc-30-Me-MAB +0.77 �0.27 +1.11 (�1.78)

N-OAc-40-Me-MAB +0.77 �0.46 +1.26 (+0.28)

a The values in parentheses are the predicted values with the

Enhanced Generalization Option turned off.
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that some small structural modifications of these
aminoazobenzene derivatives can reduce or elim-
inate their mutagenic activity, while maintaining
the physical and/or chemical properties that make
them useful industrial chemicals. Developing
QSAR/QPARs that correlate the relative muta-
genic activity of aminoazobenzene derivatives with
various molecular descriptors can help identify
factors that alter their relative mutagenicity.
Although the available quantitative mutageni-

city data for aminoazobenzene derivatives is
rather limited and likely to involve considerable
noise, we have shown that a 5-descriptor multi-
linear regression model is capable of accounting
for some 85% of the reported variation in muta-
genic activity of 43 compounds in the TA98 bac-
terial strain with S9 activation. This is
encouraging since these compounds involve AAB,
MAB and DAB derivatives, for which there are at
least two potential activation pathways: reductive-
cleavage and N-hydroxylation at the amino nitro-
gen with subsequent conversion to an arylnitrenium
ion. Furthermore, DAB derivatives may require an
additional N-demethylation step in their activation
pathway, although the rate of N-demethylation
does not appear to be correlated with carcinogenic
potency [2]. While it is difficult to assess these
BMLR models as predictive tools, the 5-descriptor
model gives plausible results for a small set of
related compounds that have been classified in the
literature as active or inactive. There appear to be
several false positives from this model, which may
be the result of including only active compounds
in the development of our correlation equations.
Furthermore, there is quantitative data available
for only two aminoazobenzene derivatives with
mutagenic activity below 0.05 rev/nmol.
Several 3-descriptor ANN models were trained

that can account for over 90% of the variation in
mutagenic activity of the compounds in Table 1.
However, in view of the limited quality of the
mutagenicity data set available and our desire to
expand the predictive power of these ANN mod-
els, we opted to accept somewhat lower values of
R2 (0.84–0.88) for the training set by employing
the Enhanced Generalization feature of the soft-
ware. These ANN models also do well in predict-
ing active compounds and have the added

advantage of predicting less in the way of false
positives than the BMLR models, assuming that
the observed classifications are reliable.
There is little doubt that the predictive power of

our BMLR and ANN models could be sig-
nificantly improved if additional values for the
relative mutagenicities of aminoazobenzene dyes
and their related structures were available. We are
currently incorporating mutagenicity data on the
reductive-cleavage products of the compounds into
the model, as well as, developing models for differ-
ent bacterial strains. The results of these investiga-
tions will be reported in future publications.
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