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Hierarchical quantitative structure-activity relationships (H-QSAR) have been developed as a new approach
in constructing models for estimating physicochemical, biomedicinal, and toxicological properties of interest.
This approach uses increasingly more complex molecular descriptors in a graduated approach to model
building. In this study, statistical and neural network methods have been applied to the development of
H-QSAR models for estimating the acute aquatic toxicity (LC50) of 69 benzene derivatives toPimephales
promelas(fathead minnow). Topostructural, topochemical, geometrical, and quantum chemical indices were
used as the four levels of the hierarchical method. It is clear from both the statistical and neural network
models that topostructural indices alone cannot adequately model this set of congeneric chemicals. Not
surprisingly, topochemical indices greatly increase the predictive power of both statistical and neural network
models. Quantum chemical indices also add significantly to the modeling of this set of acute aquatic toxicity
data.

1. INTRODUCTION

An important aspect of modern toxicology research is the
prediction of toxicity of xenobiotics and environmental
pollutants from their molecular structure.1-13 The potential
toxicity of a chemical is normally assessed on the basis of a
wide variety of relevant physical and biological properties.
Table 1 provides a partial list of such properties. Risk
assessors use these kinds of toxicological indicators to
estimate the potential risk posed by a given compound, using
simpler properties relevant to a chemical’s toxicity to make
more complex assessments relevant to human and environ-
mental health. However, the Toxic Substances Control Act
(TSCA) Inventory currently includes about 80 000 chemicals,
most of which do not have data for the toxicologically
relevant properties mentioned in Table 1. In fact, roughly
50% of these chemicals do not have any experimental
property data at all.14 Worldwide, more than 16.7 million
distinct organic and inorganic chemicals are known, as is
evident from the number of entries in the Chemical Abstract
Service (CAS) inventory.15 For many of these chemicals we
do not have the data necessary for risk assessment. Ad-
ditionally, modern combinatorial chemistry techniques have
led to the production of vast libraries of chemicals at a very
rapid rate. Most of these substances have none of the test
data needed for their hazard estimation.

Recently there have been efforts by the chemical industry
and government agencies to develop reliable databases of
properties that will be used for hazard estimation.16 This

effort, although commendable, falls short of the need; and
the picture will remain so in the foreseeable future. In the
area of molecular biology, innovative techniques are emerg-
ing where specially engineered cell lines can be used to detect
the activity or toxicity of chemicals to the genetic system.17-19

Effects of chemicals on the pattern of cellular proteins,
analyzed by proteomics technology, are being used to detect
their potential toxic effects.20-22 Such methods are faster than
the traditional in vivo test methods, and it is possible that
they could be developed to the point where they will replace
or significantly decrease the need for whole-animal screening
methods. At present, neither the available test data nor the
combination of in vitro toxicity testing methods provides
adequate resources for hazard assessment.

Quantitative structure-activity/-toxicity relationship
(QSAR/QSTR) models have emerged as useful tools to
handle the data gap in toxicology and pharmacology.1-13,22-26

QSAR models can be used to estimate complex properties
of chemicals from simpler experimental or computed proper-
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Table 1. Physicochemical and Biological Properties Relevant to the
Assessment of toxicity

physicochemical biological

molar volume receptor binding (KD)
boiling point Michaelis constant (Km)
melting point inhibitor constant (Ki)
vapor pressure biodegradation
aqueous solubility bioconcentration
dissociation constant (pKa) alkylation profile
partition coefficient metabolic profile

octanol-water (logP) chronic toxicity
air-water carcinogenicity
sediment-water mutagenicity

reactivity (electrophile) acute toxicity
LD50

LC50

885J. Chem. Inf. Comput. Sci.2000,40, 885-890

10.1021/ci9901136 CCC: $19.00 © 2000 American Chemical Society
Published on Web 06/22/2000



ties. In view of the fact that most chemicals in commerce
and environmental pollutants have very little test data, it
would be desirable if we could develop toxicologically
relevant QSARs from properties that can be calculated
directly from a chemical’s structure. In some of our recent
papers we have developed a novel hierarchical QSAR (H-
QSAR) approach where four classes of theoretical molecular
descriptors, viz., topostructural, topochemical, geometrical,
and quantum chemical parameters, have been used sequen-
tially in the formulation of H-QSAR models for predicting
physical, biomedicinal, and toxicological properties.1,3,6,8,23-26

Most of our H-QSARs are based on linear statistical
methods such as multiple linear regression, principal com-
ponents analysis (PCA), and variable clustering. Such
methods yield useful models, but they suffer from the
limitation that in some cases the relationship between a
molecular descriptor and toxicity may be intrinsically
nonlinear. In such cases, the use of linear statistical methods
may not result in the best models. Therefore, in this paper,
we have carried out a comparative study of multiple
regression vis-à-vis neural net methods in predicting the acute
aquatic toxicity (LC50) of a set of 69 benzene derivatives.

2. METHODS

2.1. Toxicity Database.The utility of this approach of
generating numerous hierarchical theoretical descriptors of
compounds was tested on a set of acute aquatic toxicity
(LC50) data for 69 benzene derivatives. The data were taken
from a study by Hall et al.,12 who collected acute aquatic
toxicity data measured in fathead minnow (Pimephales
promelas). These data were compiled from eight other
literature sources and included some original work which
was conducted at the U. S. Environmental Protection Agency
Environmental Research Laboratory (USEPA-ERL) in Du-
luth, MN. This set of chemicals was composed of benzene
and 68 substituted benzene derivatives. According to the
authors, these benzene derivatives were tested using meth-
odologies comparable to their own 96-h fathead minnow
toxicity test system. The derivatives chosen for this study
(see Table 2) have seven different substituent groups that
are present in at least six of the molecules: chloro-, bromo-,
nitro-, methyl-, methoxyl-, hydroxyl-, and amino-.

2.2. Calculation of Topological Indices.The complete
set of topological indices (TIs) used in this study, both
topostructural and topochemical, have been calculated using
POLLY 2.3 and other software developed by Basak et al.27

These indices include the Wiener index,28 the connectivity
indices developed by Randic´,29 higher order connectivity
indices formulated by Kier and Hall,30 bonding connectivity
indices defined by Basak et al.,31 a set of information
theoretic indices defined on the distance matrices of simple
molecular graphs,32,33 a set of parameters derived on the
neighborhood complexity of hydrogen-filled molecular
graphs,34-36 and Balaban’sJ indices.37-39 Table 3 provides
the symbols of the topological indices and brief definitions.

The set of TIs was divided into two distinct subsets:
topostructural indices (TSI) and topochemical indices (TCI).
TSIs are topological indices which encode information about
the adjacency and distances of atoms (vertices) in molecular
structures (graphs) irrespective of the chemical nature of the
atoms involved in the bonding or factors such as hybridiza-

Table 2. Experimental and Estimated Acute Aquatic Toxicity Data
for 69 Benzene Derivatives, Expressed as- log(LC50) for the
Linear Regression Model (LR) and the Neural Network Model
Using the 23 Parameters Selected by Variable Clustering

compound expt LR NN

benzene 3.40 3.42 3.65
bromobenzene 3.89 3.77 3.79
chlorobenzene 3.77 3.75 3.77
phenol 3.51 3.38 3.51
toluene 3.32 3.66 3.62
1,2-dichlorobenzene 4.40 4.29 4.30
1,3-dichlorobenzene 4.30 4.37 4.12
1,4-dichlorobenzene 4.62 4.51 4.27
2-chlorophenol 4.02 3.79 3.91
3-chlorotoluene 3.84 3.88 3.79
4-chlorotoluene 4.33 3.87 3.76
1,3-dihydroxybenzene 3.04 3.43 3.53
3-hydroxyanisole 3.21 3.33 3.45
2-methylphenol 3.77 3.64 3.67
3-methylphenol 3.29 3.60 3.58
4-methylphenol 3.58 3.53 3.55
4-nitrophenol 3.36 3.61 3.76
1,4-dimethoxybenzene 3.07 3.28 3.51
1,2-dimethylbenzene 3.48 3.93 3.91
1,4-dimethylbenzene 4.21 3.87 3.68
2-nitrotoluene 3.57 3.66 3.81
3-nitrotoluene 3.63 3.53 3.71
4-nitrotoluene 3.76 3.49 3.68
1,2-dinitrobenzene 5.45 5.24 4.99
1,3-dinitrobenzene 4.38 4.18 4.19
1,4-dinitrobenzene 5.22 4.94 4.85
2-methyl-3-nitroaniline 3.48 3.79 3.88
2-methyl-4-nitroaniline 3.24 3.51 3.75
2-methyl-5-nitroaniline 3.35 3.68 3.86
2-methyl-6-nitroaniline 3.80 3.84 3.79
3-methyl-6-nitroaniline 3.80 3.78 3.62
4-methyl-2-nitroaniline 3.79 3.80 3.66
4-hydroxy-3-nitroaniline 3.65 3.61 3.58
4-methyl-3-nitroaniline 3.77 3.73 3.72
1,2,3-trichlorobenzene 4.89 4.89 5.04
1,2,4-trichlorobenzene 5.00 5.04 4.83
1,3,5-trichlorobenzene 4.74 5.11 4.78
2,4-dichlorophenol 4.30 4.33 4.47
3,4-dichlorotoluene 4.74 4.26 4.28
2,4-dichlorotoluene 4.54 4.36 4.44
4-chloro-3-methylphenol 4.27 3.87 4.07
2,4-dimethylphenol 3.86 3.76 3.72
2,6-dimethylphenol 3.75 3.80 3.84
3,4-dimethylphenol 3.90 3.80 3.79
2,4-dinitrophenol 4.04 4.14 4.01
1,2,4-trimethylbenzene 4.21 4.09 3.87
2,3-dinitrotoluene 5.01 5.20 5.28
2,4-dinitrotoluene 3.75 4.10 4.33
2,5-dinitrotoluene 5.15 4.84 4.72
2,6-dinitrotoluene 3.99 4.41 4.63
3,4-dinitrotoluene 5.08 5.11 5.09
3,5-dinitrotoluene 3.91 4.05 4.16
1,3,5-trinitrobenzene 5.29 5.37 5.32
2-methyl-3,5-dinitroaniline 4.12 4.13 4.23
2-methyl-3,6-dinitroaniline 5.34 4.80 4.54
3-methyl-2,4-dinitroaniline 4.26 4.28 4.20
5-methyl-2,4-dinitroaniline 4.92 4.14 4.02
4-methyl-2,6-dinitroaniline 4.21 4.67 4.58
5-methyl-2,6-dinitroaniline 4.18 4.80 4.78
4-methyl-3,5-dinitroaniline 4.46 4.34 4.43
2,4,6-tribromophenol 4.70 4.89 5.47
1,2,3,4-tetrachlorobenzene 5.43 5.62 5.56
1,2,4,5-tetrachlorobenzene 5.85 5.80 5.61
2,4,6-trichlorophenol 4.33 4.79 4.96
2-methyl-4,6-dinitrophenol 5.00 4.21 4.16
2,3,6-trinitrotoluene 6.37 6.36 5.81
2,4,6-trinitrotoluene 4.88 5.16 5.42
2,3,4,5-tetrachlorophenol 5.72 5.36 5.58
2,3,4,5,6-pentachlorophenol 6.06 6.03 5.83
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tion states of atoms and number of core/valence electrons
in individual atoms. TCIs are parameters that quantify
information regarding the topology (connectivity of atoms),
as well as specific chemical properties of the atoms and
bonds comprising a molecule. TCIs are derived from
weighted molecular graphs where each vertex (atom) is
properly weighted with relevant chemical/physical properties.
Table 3 shows the division of the topological indices into
topostructural and topochemical indices.

2.3. Calculation of Geometrical Indices.The geometrical
indices include the three-dimensional (3D) Wiener numbers
for hydrogen-filled and hydrogen-suppressed molecular
structures and van der Waals volume. van der Waals volume,
VW, was calculated using SYBYL 6.4 from Tripos Associ-
ates, Inc.40 The 3D Wiener numbers were calculated by
SYBYL using an SPL (Sybyl Programming Language)
program developed in our laboratory. Calculation of the 3D
Wiener numbers consists of the sum entries in the upper
triangular submatrix of the topographic Euclidean distance
matrix for a molecule. The 3D coordinates for the atoms
were determined using CONCORD 3.2.1.41 The symbols and
definitions of the geometrical indices are included in Table
3.

2.4. Quantum Chemical Parameters.Quantum chemical
parameters were calculated using the Austin Model version
one (AM1) semiempirical Hamiltonian. These parameters
were calculated using MOPAC 6.00 in the SYBYL inter-
face.42 Brief definitions and symbols for the quantum
chemical parameters used in this study are included in Table
3.

2.5. Statistical Analysis and Hierarchical QSAR.Ini-
tially, all topological indices were transformed by the natural
logarithm of the index plus one. This was done to scale the
indices, since some may be several orders of magnitude
greater than others, while other indices may equal zero. The
geometric indices were transformed by the natural logarithm
of the index for consistency; the addition of one was
unnecessary.

The set of 86 topological indices was then partitioned into
the two distinct sets: topostructural indices (35) and to-
pochemical indices (51). The sets of topostructural and
topochemical indices were then divided into subsets, or
clusters, based on the correlation matrix using the SAS
variable clustering procedure (VARCLUS)43 to further reduce
the number of independent variables for use in model
construction. This procedure divides the set of indices into

Table 3. Symbols, Definitions, and Classifications of Topological, Geometrical, and Quantum Chemical Parameters

Topostructural
ID

W information index for the magnitudes of distances between all possible pairs of vertexes of a graph
IhD

W mean information index for the magnitude of distance
W Wiener index) half-sum of the off-diagonal elements of the distance matrix of a graph
ID degree complexity
HV graph vertex complexity
HD graph distance complexity
IC information content of the distance matrix partitioned by frequency of occurrences of distanceh
O order of neighborhood when ICr reaches its maximum value for the hydrogen-filled graph
M1 a Zagreb group parameter) sum of square of degree over all vertexes
M2 a Zagreb group parameter) sum of cross-product of degrees over all neighboring (connected) vertexes
hø path connectivity index of orderh ) 0-6
høC cluster connectivity index of orderh ) 3, 5
høCh chain connectivity index of orderh ) 6
høPC path-cluster connectivity index of orderh ) 4-6
Ph no. of paths of lengthh ) 0-10
J Balaban’sJ index based on distance

Topochemical
IORB information content or complexity of the hydrogen-suppressed graph at its maximum neighborhood of vertexes
ICr mean information content or complexity of a graph based on therth (r ) 0-6) order neighborhood of vertexes

in a hydrogen-filled graph
SICr structural information content forrth (r ) 0-6) order neighborhood of vertexes in a hydrogen-filled graph
CICr complementary information content forrth (r ) 0-6) order neighborhood of vertexes in a hydrogen-filled graph
høb bond path connectivity index of orderh ) 0-6
høb

C bond cluster connectivity index of orderh ) 3, 5
høb

Ch bond chain connectivity index of orderh ) 6
høb

PC bond path-cluster connectivity index of orderh ) 4-6
høV valence path connectivity index of orderh ) 0-6
høV

C valence cluster connectivity index of orderh ) 3, 5
høV

Ch valence chain connectivity index of orderh ) 6
høV

PC valence path-cluster connectivity index of orderh ) 4-6
JB Balaban’sJ index based on bond types
JX Balaban’sJ index based on relative electronegativities
JY Balaban’sJ index based on relative covalent radii

Geometrical
VW van der Waals volume
3DW 3D Wiener no. for the hydrogen-suppressed geometric distance matrix
3DWH 3D Wiener no. for the hydrogen-filled geometric distance matrix

Quantum Chemical
EHOMO energy of the highest occupied molecular orbital
EHOMO1 energy of the second highest occupied molecular orbital
ELUMO energy of the lowest unoccupied molecular orbital
ELUMO1 energy of the second lowest unoccupied molecular orbital
∆Hf heat of formation
µ dipole moment

PREDICTING TOXICITY OF CHEMICALS J. Chem. Inf. Comput. Sci., Vol. 40, No. 4, 2000887



disjoint clusters, such that each cluster is essentially unidi-
mensional.

From each cluster, the index most correlated with the
cluster was selected for modeling, as well as any indices
that were poorly correlated with their cluster (R2 < 0.70).
These indices were then used in the modeling of the acute
aquatic toxicity of benzene derivatives in fathead minnow.
The variable clustering and selection of indices was per-
formed independently for both the topostructural and to-
pochemical indices. This procedure resulted in a set of five
topostructural indices and a set of nine topochemical indices.

Reducing the number of independent variables is critical
when attempting to model small data sets using linear
statistical methods. The smaller the data set, the greater the
chance of spurious error when using a large number of
independent variables (descriptors). A study by Topliss and
Edwards44 has shown that for a set with about 70 dependent
variables (observations), no more than 40 independent
variables may be used while keeping the probability of
chance correlations below 1%. This number is dependent
on the actual correlation achieved in the modeling process;
higher correlation results in a better chance of using more
variables with the same limited probability of chance
correlations. In this study we are well below the cutoff of
40 independent variables. In fact, the total number of
descriptors which will be used for model construction and
estimation is 23, well within the bounds of the Topliss and
Edwards criteria.44

Regression modeling was accomplished using the SAS
procedure REG43 on four distinct sets of indices. These sets
were constructed as part of a hierarchical approach to QSAR
model development. The hierarchy begins with the simplest
parameters, the TSIs. After using the TSIs to model the
activity, the next level of parameters are added. To the indices
included in the best TSI model, we add all of the TCIs and
proceed to model the activity using these parameters.
Likewise, the indices included in the best model from this
procedure are combined with the indices from the next
complexity level, the geometrical indices, and modeling is
conducted once again. Finally, the best model utilizing TSIs,
TCIs, and geometrical indices is combined with the quantum
chemical parameters to develop the final model in the
hierarchy.

Additionally, the entire set of 95 descriptors (topostruc-
tural, topochemical, geometrical, and quantum chemical) was
subjected to the variable clustering procedure and a reduced
set of independent variables was used in constructing a
QSAR model. This varies from the other approach in that
the indices were clustered as one set, rather than as four
distinct sets, and resulted in a somewhat different set of
variables. This was done to determine if there is any
advantage in final model predictive power between model
development based on the H-QSAR approach versus the
“kitchen sink” approach, i.e., using the entire descriptor set
in order to find the “best” model.

2.6. Neural Network Methods.Using neural networks,
we studied two classes of approaches for modeling toxicity:
(1) giving all the descriptors to a learning algorithm (neural
network in this case) and (2) reducing the feature set before
giving the (reduced) feature set to a learning algorithm.
Results for our approaches are from leave-one-out experi-
ments (i.e., 69 training/test set partitions). Leave-one-out

works by leaving one data point out of the training set and
giving the remaining instances (68 in this case) to the learning
algorithms for training. This process is repeated 69 times so
that each example is a part of the test set once and only
once. Leave-one-out testsgeneralization accuracy of a
learner, whereas training set accuracy tests only the learner’s
ability to memorize. Generalization error from the test set is
the true test of accuracy and is what we report here.

First we trained neural networks using all 95 parameters:
35 TSI, 51 TCI, 3 geometrical, and 6 quantum chemical
parameters. The networks contained 15 hidden units and were
trained for 1000 epochs. Each input parameter was normal-
ized to a value between 0 and 1 before training. Additional
parameter settings for the neural networks included a learning
rate of 0.05, a momentum term of 0.1, and weights initialized
randomly between-0.25 and+0.25.

For our next experiment, we used a smaller set of 23
independent variables divided further into the four levels of
the hierarchy. The 23 independent variables included the 5
topostructural and 9 topochemical parameters provided by
the variable clustering technique (see section 3.1 for a list
of the indices) combined with the 3 geometrical and 6
quantum chemical parameters described in Table 3. The
parameter settings for these networks were the same as the
settings for the other neural network experiment mentioned
above.

3. RESULTS

3.1. Results of Statistical Regression Procedures.The
variable clustering of the topostructural indices resulted in
the retention of five indices:M1, IC, O, P8, P9. All-subsets
regression resulted in the selection of a four-parameter model
to estimate- log(LC50) with an explained variance (R2) of
45.3% and a standard error (s) of 0.58. While this is an
unsatisfactory model, the indices were retained and combined
with the topochemical indices in the second step of model
development. The second step combined the 4 indices used
in the first tier model with the 9 topochemical indices selected
in the variable clustering procedure: SIC0, SIC1, SIC4, CIC0,
2øb, 5øb

C, 5øv
C, 6øv

PC, JX. Again, all-subsets regression was
conducted resulting in a four-parameter model with an
explained variance (R2) of 78.3% and a standard error (s) of
0.36. The 4 indices from the second tier model were
combined with the three geometric parameters:3DWH, 3DW,
VW. This resulted in a four-parameter model that replaced
the topochemical index CIC0 with the geometric parameter
3DWH. This model had an explained variance (R2) of 79.2%
and a standard error (s) of 0.36. The final step in the
hierarchical method combined the four parameters from the
third tier model with the semiempirical quantum chemical
parameters:EHOMO, EHOMO1, ELUMO, ELUMO1, ∆Hf, µ. This
set of 10 indices led to a seven-parameter model with an
explained variance (R2) of 86.3% and a standard error (s) of
0.30. This model retained all indices from the third model
and added three of the AM1 quantum chemical parameters.
Our final model, using indices selected from a variable
clustering of the entire set of 95 indices resulted in a seven-
parameter model including three topostructural indices
(0ø, P9, IC), one topochemical index (5øv), one geometrical
index (3DWH), and two quantum chemical descriptors
(∆Hf, µ). This model had an explained variance (R2) of 86.1%
and a standard error (s) of 0.30.
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Leave-one-out analysis was conducted on all models for
purposes of comparison with the results from the neural
networks. The resulting values for cross-validatedR2 (Rc

2)
and standard error (s) are reported in Table 4.

3.2. Results of the Neural Network Procedures.The first
approach incorporating all 95 parameters, obtained a test-
set correlation coefficient between predicted toxicity and
measured toxicity (explained variance) ofR2 ) 0.868 and a
standard error of 0.29. The second approach utilizes the
hierarchical method of grouping descriptors resulted in four
models, one for each level of the hierarchy. The results from
the leave-one-out analysis of these four models, as well as
those for the linear statistical models are summarized in Table
4. Table 2 presents the experimental acute aquatic toxicity
(- log[LC50]) values for the 69 benzene derivatives as well
as the values estimated by the best statistical model and the
best neural network model, both of which resulted from the
fourth H-QSAR model.

4. DISCUSSION

The results show that both statistical and neural network
models give acceptable estimates for the toxicity of the 69
benzene derivatives studied in this paper. As can be clearly
seen from the comparative results in Table 4, there are two
points in the hierarchical approach in which there are
significant improvements in modeling the data. The addition
of the topochemical indices increases the variance explained
in both the statistical and neural network models by 30-
40% with a consequent drop in the standard error of the
calculations as well. Addition of the quantum chemical
parameters also creates a significant increase in the efficacy
of both models, a 6.2% increase in the variance explained
for the statistical model and an 11.4% increase for the neural
network model.

It is interesting to note that the neural network model using
the subset of 23 inputs selected in part by the VARCLUS
procedure gave slightly better results as compared to the
network developed using all 95 input variables. This could
be the result of filtering out redundant, or nearly redundant,
parameters from the set of independent variables.

Further work on the relative utility of statistical vis-à-vis
neural network methods is necessary to determine which
types of models are best suited to the estimation of chemical
toxicity.
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