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Abstract—A QSAR analysis has been carried out on the toxicities of 40 mono-substituted nitrobenzenes using recently introduced
PI and Sz indices, as well as older molecular redundancy (MRI) and Balaban indices (J). The results have shown that no statistically
significant mono-parametric QSAR models are possible. Also, that along with PI, Sz, MRI and J indices are the appropriate
parameters to be used in developing multiparametric QSAR models. The toxicities of nitrobenzenes are well predicted by a penta-
parametric model consisting of PI, Sz, J, MRI and Ip1 (an indicator parameter taking care of the effect of substitution at 2-position)
as the correlating parameters. The predictive ability of the model is determined by a cross-validation method. # 2001 Elsevier
Science Ltd. All rights reserved.

Introduction

Nitrobenzenes are widely used industrial chemicals and
thus have a high potential for environmental pollution.
These toxic substances are reported to be present in surface
waters; and regarded as pro-electrophiles yielding the cor-
responding potentially highly toxic C-nitroso-compounds.
The toxicity of nitrobenzenes has been quite extensively
examined, and they have been the subject of number of
quantitative structure–activity (QSAR) relationship.1

QSARs have provided a valuable approach in research
into the toxicity of organic chemicals. Many investiga-
tors have used the 1-octanol/water partition coefficient
(log P)-dependent QSAR as a basis for predicting the
toxicity. Recently, some QSAR studies applying theo-
retical approaches to predict the toxicity have been
reported.2,3 In all of these studies, however, the reported
models suffer from the lack of generacity. This is due to
the fact that the correlations were based on a small
number of compounds on the one hand or were not
sufficiently validated on the other hand.

Among the different approaches employing computa-
tional chemistry, those based on chemical graph theory
have been useful in establishing QSAR.4�8 There are,
however, difficulties in the use of these approaches when
the QSARs are derived by means of multiple linear

regression (MLR) techniques. Commonly, the topolo-
gical descriptors are mutually inter-related by simple or
multiple correlations and, therefore, fortuitous or
artifactual MLR models may even be obtained. This
difficulty in the use of the MLRmethod can be overcome
through the cross-validation method; the probability of
obtaining chance correlation is kept to minimum.9�11

In the present study, the MLR and cross-validation
methods are used for modeling the toxicity, log (1/
IGC50) of 40 nitrobenzenes (Table 1), the toxicity of
which were previously analyzed by Dearden et al.1

The proposed QSAR models were based on molecular
descriptors (topological indices) that can be calculated
for any compound utilizing only the knowledge of its
molecular structure (molecular graph). The model
included several topological constitutional descriptors:
Szeged index, Sz,12,13 Padmakar–Ivan index, PI,14�16

Balaban index, J,17 molecular redundancy index, MRI18

along with three indicator parameters (Ip1, Ip2, Ip3)
related to substitution at 2-, 3-, and 4- positions respec-
tively. The predictive ability of the models were assisted
by the cross-validation method.9,11

The main objective of this work is to obtain QSAR mod-
els that could be used to predict toxicity of nitrobenzenes.

Results and Discussion

A set of 40 nitrobenzenes (I) used in the present inves-
tigation are recorded in Table 1, along with their
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toxicities, log (1/IGC50), and calculated values of Sz, PI,
J, and MRI indices. The adopted indicator parameters
((Ip1, Ip2, Ip3) are also recorded in Table 1.

In the statistical process, the compound 1 was found as
an outlier and was deleted from the original 40-com-
pounds set. None of the descriptors used in the mono-
parametric analysis can account for the reported log
(1/IGC50) values. The reason for this is not evident but
it may be attributed to intervention of metabolic factors.

In view of the failure of obtaining a simple regression
model, we have attempted MLR analysis. Before a
multivariate analysis is undertaken, it is convenient to
tailor the data in certain ways to make the calculations

easier. Normally, it is sufficient to pre-process the data
by means of auto-scaling and mean-centering the vari-
ables.9 Auto-scaling,9 gives each variable unit variance
and, hence, the same chance to contribute to a calcu-
lated model, whereas mean scaling facilitates inter-
pretation. The best way to achieve this is to obtain a
correlation matrix (Table 2). Thus, all the variables used
were initially auto-scaled to zero mean and unit var-
iance to give each descriptor equal importance in the
MLR analysis. The statistical significance of the
screened models was judged by the multiple correlation
coefficient (R), standard error of estimation (Se), adjus-
ted R-squared (R2

A), the F statistics and quality factor
(Q). The quality factor (Q) is defined19,20 as the ratio of
R to Se (R/Se).

The predictive ability was evaluated by cross-validation
coefficient (R2

CV), which is based on the predictive error
sum of squares (PRESS).

The MLR analysis for remaining 39 compounds resulted
in the most significant five parametric model (Table 3)

Table 1. Nitrobenzenes, their molecular descriptors and toxicity

Compd no. Substituent R log 1/IGC50 Ip1 Ip2 Ip3 PI Sz J MRI

1 H 0.350 0 0 0 66 142 2.2275 0.4735
2 2-NH2 0.077 1 0 0 126 278 2.4000 0.3439
3 2-OH 0.770 1 0 0 94 228 2.4513 0.3074
4 2-CH3 0.479 1 0 0 84 180 2.3945 0.3279
5 2-Cl 0.676 1 0 0 84 180 2.3945 0.3833
6 2-Br 0.863 1 0 0 84 180 2.3945 0.3833
7 2-CH2OH �0.155 1 0 0 126 287 2.4185 0.2667
8 2-C6H5 1.301 1 0 0 228 586 1.9566 0.5552
9 2-CONH2 �0.721 1 0 0 176 404 2.6166 0.2667
10 2-NO2 1.252 1 0 0 126 278 2.4000 0.4376
11 3-NH2 0.026 0 1 0 126 278 2.0640 0.3439
12 3-OH 0.506 0 1 0 94 240 2.3270 0.3074
13 3-CH3 0.572 0 1 0 84 192 2.2720 0.3279
14 3-Cl 0.836 0 1 0 84 192 2.2720 0.3833
15 3-Br 10.215 0 1 0 84 192 2.2720 0.3833
16 3-CN 0.451 0 1 0 104 240 2.3270 0.3074
17 3-CH3OH �0.220 0 1 0 126 305 2.2932 0.2667
18 3-C6H5 1.569 0 1 0 228 622 2.1555 0.5552
19 3-CONH2 �0.193 0 1 0 176 434 2.4647 0.2667
20 3-CHO 0.140 0 1 0 104 240 2.3270 0.2814
21 3-NO2 0.762 0 1 0 126 296 2.0640 0.4376
22 3-OCH3 0.670 0 1 0 104 240 2.3270 0.3035
23 4-CH3 0.796 0 0 1 84 192 2.4470 0.3279
24 4-C2H5 0.804 0 0 1 104 252 2.2401 0.2866
25 4-OCH3 0.544 0 0 1 104 252 2.2401 0.3035
26 4-OC2H5 0.829 0 0 1 126 323 2.1948 0.3599
27 4-OC4H9 1.420 0 0 1 176 502 2.0888 0.1932
28 4-F 0.253 0 0 1 84 192 2.4470 0.3833
29 4-Cl 0.559 0 0 1 84 192 2.4470 0.3833
30 4-Br 0.461 0 0 1 84 192 2.4470 0.3833
31 4-CH2CN 0.132 0 0 1 126 323 2.1948 0.2667
32 4-CH2Cl 1.180 0 0 1 104 252 2.2401 0.2882
33 4-CH¼NOH 0.678 0 0 1 150 406 2.1515 0.2400
34 4-NHC6H5 1.886 0 0 1 294 876 1.7814 0.3748
35 4-CH2OH 0.101 0 0 1 126 323 2.1948 0.2667
36 4-COOCH3 0.398 0 0 1 138 388 2.2958 0.2635
37 4-COOC2H5 0.710 0 0 1 176 475 2.2722 0.2381
38 4-CONH2 �0.179 0 0 1 176 464 2.3478 0.2667
39 4-CHO 0.203 0 0 1 104 252 2.2401 0.2814
40 4-NO2 1.301 0 0 1 126 314 2.2930 0.4376

log 1/ IGC50, toxicity of nitrobenzenes; Ip1, Ip2, Ip3, indicator parameters accounting for substitution at positions-2, -3, and –4, respectively; PI,
Padmakar–Ivan index; Sz, Szeged index; J, Balaban index; MRI, molecular redundancy index.
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with the following statistics: Se=0.2475; R2
A=0.7714;

R=0.8952; F=26.645, and Q=3.6170. The model
accounted for about 80% of the variance in log (1/ IGC50)
according to following regression equation (model):

logð1=IGC50Þ ¼ �0:0429 ð�0:0069ÞPIþ 0:0141

� ð�0:0023ÞSz� 0:7443ð�0:3565ÞJ

þ 4:315ð�0:5865ÞMRIþ 0:1833

� ð�0:1144ÞIp1 þ 1:7469 ð1Þ

The positive sign of the indicator parameter Ip1 suggests
that the toxicity is dependent on the substitution at the
2-position and that substituents at the 2-position play a
dominant role in deciding mechanism of toxic effect of
nitrobenzenes used. Furthermore, the molecular
descriptor Sz also has a positive coefficient in eq (1).
This topological index accounts for the shape and size
of the molecule. Hence, the presence of bulky groups at
the 2-position accounts for the enhancement of toxicity.
Also the positive coefficient of MRI indicates that the
increase in the information content increases the toxi-
city. On the other hand, the negative signs associated
with the coefficients of PI and J indicates their negative
contribution in the exhibition of toxicity.

The indicator parameter Ip2, used for accounting toxic
effect of substitution at the 3-position, was not found to
be statistically significant (Table 3). The same is found
to be the case for the toxic effect of substitution at the 4-
position (Ip3). However, the data presented in Table 1
show that most compounds with high toxicity are 3- and
4-substituents within the same substituents. It is worth
recording that the proposed model must be able to
describe structural or biological meaning, not just
mathematical correlation.

The aforementioned results, therefore, indicate that 2-,
3-, and 4-substituted nitrobenzenes have different
mechanisms of action. The parameters responsible for
their different mechanisms are molecular size, shape,
complexity connectivities, information content as
reflected by Sz, MRI, J and PI indices. We postulate
that 4-substitution hinders binding to the same receptor
site as that involved with the 2-, 3-derivatives, thereby
causing other mechanisms to come into play. However,
further study with a wide range of compounds and the
use of a variety of other molecular descriptors would be
needed to elucidate the mechanisms of toxicity. This,
however, is not the objective of the present study.

It is interesting to record that PI and Sz are highly auto-
correlated (0.9894, Table 2). This means that the pro-
posed model [eq (1)], as given above, should suffer from
the defect of collinearity. In fact, all the proposed mod-
els presented in Table 3 should suffer from collinearity
defects. However, in such cases, R2

A values will help the
interpretation of the proposed models, as it takes into
account the adjustment of R2.

If a variable is added that does not contributes its fare
share, then R2

A will actually decline. However, in the
proposed models, R2

A goes on increasing from 0.7495 to
0.7714, indicating that the collinearity defect is not ser-
ious. Furthermore, the coefficients of both PI and Sz
terms in all the proposed models are higher than their
corresponding standard deviations; such parameters are
considered statistically significant. Hence, the high col-
linearity between Sz and PI indices does not make the
correlation involving them an insignificant correlation.
This is due to fact that, in spite of high auto-correlation,
the information content in Sz and PI indices is different,
making their occurrence a statistically allowed model.

One will think that just increasing the value of R2
A may

not solve the problem of multi-collinearity. When we

Table 2. Correlation matrix showing the correlation of molecular descriptors and toxicity of nitrobenzenes

log1/IGC50 Ip1 Ip2 Ip3 PI Sz J MRI

log1/IGC50 1.0000
Ip1 �0.1415 1.0000
Ip2 �0.0074 �0.3873 1.0000
Ip3 0.1272 �0.4851 �0.6216 1.0000
PI 0.2580 �0.0211 �0.0644 0.0791 1.0000
Sz 0.3292 �0.0924 �0.0877 0.1619 0.9894 1.0000
J �0.3584 0.3486 �0.1729 �0.1319 �0.5485 �0.5862 1.0000
MRI 0.6597 0.1085 0.1002 �0.1874 0.2176 0.2030 �0.3085 1.0000

For symbols see Table 1.

Table 3. Proposed statistically significant models for predicting toxicity of nitrobenzenes

(1) log 1/IGC50=�0.0417 (�0.0062)PI+0.0141(�0.0020)Sz+4.7509(�0.5496)MRI �0.2084
(2) log 1/IGC50=�0.0384 (�0.0064)PI+0.0128(�0.0022)Sz�0.5637(0.03459)J+4.4785(�0.5905)MRI +1.1924
(3) log 1/IGC50=�0.0429 (�0.0069)PI+0.0141(�0.0023)Sz�0.7443(�0.3565)J +4.3125(�0.5865)MRI+0.1833(�0.1144)Ip1+1.7469
(4) log 1/IGC50=�0.0381 (�0.0067)PI+0.0126 (�0.0023)Sz�0.5884(�0.3705)J+4.4799(�0.5990)MRI�0.0195(�0.0941)Ip2+ 1.2531
(5) log 1/IGC50=�0.0433 (�0.0077)PI+0.0144 (�0.0026)Sz�0.5309(�0.3454)J+4.3641(�0.5961)MRI�0.1176(�0.1024)Ip3+ 1.3003

For symbols see Table 1.
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tried to add and analyze only PI except Sz to other
descriptors or vice versa we obtained similar results as
mentioned above. Also, a high correlation between PI
and Sz made the correlation coefficient increase.

The observed high collinearity among PI, Sz, MRI, and
J indicates that the new PI index duplicates much of the
information content in Sz, MRI, and J. Randic21 has
stated that one should be particularly aware of a com-
mon fit in regression analysis in describing descriptors
that are highly inter-correlated. He further stated that,
by discarding one of the descriptors which commonly
duplicates another, we may be discarding a descriptor
that nevertheless may carry useful structural informa-
tion in the parts in which it does not parallel with the
another descriptors. Thus, following Randic,21 we may
safely say that the PI index caries the usual structural
information not present in other molecular descriptors
in that PI exhibited high multi-collinearity. A detailed
study on this aspect is underway.

It is worth mentioning that, when Ip2 is added to a
tetra-parametric model (Table 4) containing PI, Sz, J,
and MRI, the R2

A (0.7609) declines to 0.7539 indicating
that the added parameter (Ip2) behave differently giving
different mechanism of action. Further, here the coeffi-
cient of Ip2 is much less than its standard error, making
it statistically insignificant.

An addition of Ip3 to the aforementioned tetra-para-
metric model results in increase in both R2

A and R as
well as decrease in the standard error of estimation (Se).
Thus, this resulting penta-parametric model is definitely
better than the tetra-parametric model mentioned
above. However, this new model is statistically less sig-
nificant than the model proposed by eq (1).

On application of the cross-validation method, we
obtained cross-validated parameters for the proposed
model [eq (1)] as: R2

CV=0.7523, SPRESS=0.2475,
PSE=0.2277, PRESS/SSY=0.2477.

The ratio PRESS/SSY can be used to calculate the
approximate confidence interval of prediction. To be a
reasonable QSAR model, this ratio should be smaller
than 0.4, and the value of this ratio smaller than 0.1
indicates an excellent model.9 The observed value of
PSE (0.2477) proposes that the model expressed by eq
(1) is an excellent model.

It is worth mentioning that both Se and SPRESS have
similar values. Therefore, they cannot be used as para-
meters describing the uncertainty of prediction. We

have, therefore, used predictive squared error (PSE) to
account for the uncertainty of the prediction of the
model proposed by us [eq. (1)]. The value of
PSE=0.2277 indicates that compared to Se and SPRESS
is directly related to the uncertainty of predictions.

Finally, using the model expressed by eq (1), we have
calculated the toxicities of nitrobenzenes and compared
them with their experimental values. The agreement
between the observed (experimental) and calculated
(estimated) values is very satisfactory, as indicated by
predictive R2

Predictive=0.802 (90%) (Fig. 1).

Conclusion

The aforementioned results and discussion lead us to
conclude that distance-based topological indices can be
used successfully for modeling, monitoring and esti-
mating toxicity of nitrobenzenes and related com-
pounds.

Experimental

Toxicity data

Toxicities, for example 2-day (eight-generations) static
50% inhibitory growth concentration (IGC50) for the
set of 40 nitrobenzenes used were taken from the studies
reported by Dearden et al.1 in that toxicities against the
aquatic ciliate Tetrahymena pyriformis, strain GL-C,
were measured. Axenic cultures of the ciliate were used

Table 4. Regression parameters and quality of correlations of the proposed models (refer Table 3)

Model no. Parameters used Se RA
2 R F Q

1 PI, Sz, MRI 0.2591 0.7495 0.8771 38.907 3.3852
2 PI, Sz, J, MRI 0.2532 0.7609 0.8856 31.225 3.4976
3 PI, Sz, J, MRI, Ip1 0.2475 0.7714 0.8952 36.645 3.6170
4 PI, Sz, J, MRI, Ip2 0.2568 0.7539 0.8867 24.286 3.4529
5 PI, Sz, J, MRI, Ip3 0.2520 0.7631 0.8912 35.479 3.5635

Figure 1. Correlation of observed versus estimated toxicities of nitro-
benzenes.

3038 V. K. Agrawal, P. V. Khadikar / Bioorg. Med. Chem. 9 (2001) 3035–3040



and 2-day (i.e., 8–9 generations) static 50% inhibitory
growth concentrations (IGC50) were measured. Assess-
ments were made in 250 mL Erlenmeyer flasks contain-
ing 50 mL of proteose peptone-based medium. Each
assay was set up in triplicate and compared in at least a
five-step concentration series. Cultures without test
chemicals served as controls.

Molecular descriptors (topological indices)

The following indices based on molecular topology were
considered: Szeged index, Sz,12,13 Padmakar–Ivan
index, PI,14�16 Balaban index, J,17 and molecular
redundancy index, MRI.18 In addition, three indicator
parameters (Ip1, Ip2, Ip3) related to substitution at the
2-, 3-, and 4-positions, respectively, were also used.

Statistical methods

The MLR and cross-validation methods were
employed to search for relationships between the toxi-
city, log (1/IGC50), and the aforementioned structural
descriptors. The predictive ability of the proposed
models is finally confirmed using the cross-validation
method.9

Computer software, as supplied by Professor Lukovits,
Hungarian Academy of Sciences, Budapest, Hungary
were used for the calculations of Sz, and J, and for
making MLR analysis.

Calculations of molecular descriptors

Szeged index (Sz).12,13 Let e be an edge of the molecular
graph G. Let n1(e Gj ) be the number of vertices of G
lying closer to one end of e; let n2(e Gj ) be the number of
vertices of G lying closer to the other end of e. Then the
Szeged index (Sz) is defined as

SzðGÞ ¼ Sz ¼
X

e

n1ðe GÞn2ðe GÞ
����

with the summation giving over all edges of G.

In cyclic graphs, there are edges equidistant from both
the ends of edge e; by definition of Sz such edges are not
taken into account.

PI index.14�16 Let G be a simple molecular graph with-
out directed and multiple edges and without loops, the
vertex and edge-shapes of which are represented by
V(G) and E(G), respectively. If e is an edge of G, con-
necting the vertices u and v then we write e=uv. The
number of vertices of G is denoted by n.

The distance between a pair of vertices u, w of G is
denoted by dðu;w GÞj .

Let e be an edge of G connecting the vertices u and v,
e=uv2E(G).

We define for e=uv two quantities neu(e Gj ) and nev(e Gj ).
neu(e Gj ) is the number of edges lying closer to the vertex
u than the vertex v, and nev(e Gj ) is the number of edges

lying closer to the vertex v than the vertex u. Edges
equidistant from both ends of the edge uv are not
counted.

The PI index, PI=PI(G) of the graph G is defined as:

PI ¼ PIðGÞ ¼
X

e2EðGÞ

neuðe GÞ þ nevðe GÞ
�� 	

���

The summation goes over all edges of G.

Balaban index (J)..17 The Balaban index,17 J=J(G), was
introduced by Balaban in 1982 as the average distance
sum connectivity index. It is defined as:

J ¼
M

mþ 1
� ðdi dj
all edges

Þ
�0:5

where M is the number of edges of G; m is the cyclo-
matic number of G; and di is the distance sum where
i=1,2,3. . .N. The cyclomatic number=the minimum
number of edges that must be removed from G in order
to transform it to the related acyclic graph.

Molecular redundancy index (MRI).18 The MRI is
derived from information theory and molecular graph
theory and is defined as:

MRI ¼
� ni logni
N logN

where ni is the number of atoms of the same kind in the
ith atom set, i is the number of different atoms in the
molecule.

Indicator parameters. Indicator variables (parameters),
sometimes called dummy variables or de novo con-
stants, are used in linear multiple regression analysis to
account for certain features which cannot be described
by continuous variables. In QSAR equations they nor-
mally describe a certain structural element, be it a sub-
stituent or another molecular fragment.

In the present study, we have used three indicator
parameters (variables), namely Ip1, Ip2, and Ip3 which
are taken as unity when substituents are present at the
2-, 3-, and 4-positions, respectively, otherwise their
values are zero.
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