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Abstract
In this contribution we present investigations about the use
of computational intelligence for toxicity prediction of pes-
ticides. Therefore different molecular descriptors are com-
puted and the correlation behavior of the different descrip-
tors in the descriptor space is studied. In a first step 164
pesticides are considered and 175 descriptors are taken into
account. From this set of data preliminary results using
feed-forward artificial neural networks, namely multi-layer
perceptrons, and B-spline networks as neuro-fuzzy system
are given.

Introduction
It is of special interest for environmental and health prob-
lems to predict the toxicology of chemicals. The accuracy
of a prediction is a very sensitive point for critical exami-
nations of toxic activities. Therefore, new thinking in the
direction of Computational Intelligence (CI) is needed for
the prediction of toxicity and ecotoxieity. We need a rigor-
ous insight into the analysis mechanisms for a constructive
search to establish and perform mathematical operations.

CI can be seen as useful frame besides artificial intelli-
gence (AI) for the formalization of human expert knowl-
edge in a fuzzy logic approach, generalization principles in
artificial neural networks (ANNs) and biological optimiza-
tion principles in evolutionary computations like genetic
algorithms and evolution strategies called evolutionary
algorithms. In this context hybrid approaches which com-
bine some advantages of the CI can be considered as a
solution-platform alternative to classical mathematical
methods.

Recent investigations support the general assumption
that macroscopic properties like toxicity and ecotoxicity
strongly depend on microscopic features and the structure
of the molecule. This assumption enables us to set up
quantitative structure-property relationship (QSPR), quan-
titative structure-activity relationship (QSAR) and quanti-
tative structure-retention relationship (QSRR), which are
the basis for the prediction of toxicity from chemical
structures of molecules. The further assumption is that
these microscopic features and the structure of molecules
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Can be identified and characterized by certain molecular
descriptors. Recently several QSAR analyses with different
ANN have been used, mainly in the case of drug design.

The general objective is to set up a functional depend-
ency of the toxicity to a certain aspect on the selected mo-
lecular descriptors. However, it will not be possible to
write down this functional dependency in an analytical
form. The data given in the database yield many points in
the descriptor space, which can be used to extract unknown
functional properties, relations or rules etc.

First of all, fundamental correlation investigations and a
principal component analysis as input space transformation
to obtain a reduced feature input space are performed. The
second section deals with a method to fmd generalized
dependencies of the molecular descriptors with multi-layer
perceptrons (MLPs). Furthermore, investigations about
optimization by evolutionary algorithms and rule extrac-
tion methods for ANNs are discussed. The last section
deals with a new type of networks, namely B-spline net-
works (BSNs). A BSN can be interpreted as Takagi-
Sugeno fuzzy controller with remarkable properties.

Data Statistics
The basis for our investigations is a set of 164 pesticides
from 8 different chemical classes with data on acute toxic-
ity for rainbow trout and daphnia. The concentrations for
this aquatic toxicity - taken from the Pesticides Manual -
are given in 2 representations, LCs0 and
-logm(LCs0/(mmol/1)), the latter being the unit usually
employed in literature. The correlation of the logarithmic
concentration values on rainbow trout and daphnia is
r = 0.74.

175 molecular descriptors such as constitutional and
topological descriptors, electrostatic and quantum-
chemical descriptors and others, which are partly continu-
ous, partly discrete values, were calculated for each of
these 164 pesticides. Since 18 of these descriptors show
missing values - mainly those reflecting maximal and
minimal partial charges -, these are omitted in the first step
of investigation and shall only serve for secondary classifi-
cation purposes. The correlation of each of the remaining
157 descriptors and the logarithmic concentration is
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Irl < 0.6 for trout and [rl < 0.54 for daphnia. However, there
are also many totally uncorrelated descriptors with
Irl < 10-3. A two-sided t-test on the zero-hypothesis that the
descriptors are uncorrelated to the logarithmic concentra-
tion values yields 61 significantly correlated features for
trout and 53 for daphnia on the 99 % level.

In a next step we calculated Spearman’s rank correlation,
which is based on any monotonous interrelation of the
variables, instead of Pearson’s correlation, which assumes a
linear dependency of the variables. The correlation coeffi-
cients are in the same range, yielding 57 significantly cor-
related descriptors for trout and 54 for daphnia, respec-
tively. As we do not assume a linear dependency between
any of those descriptors and the logarithmic concentration
values, we will use Spearman’s rank correlation as rele-
vance criterion.

Since any machine learning system will not succeed in
modeling the dependency of the toxicity on all 157 de-
scriptors with only 164 learning examples, we decided to
investigate data compression using PCA. Performing the
PCA on the 57 significantly correlated descriptors for trout
yields 8 principal components (PCs) with an eigenvalue
bigger that 1, which account for more that 91% of the total
variance. For the 54 significantly correlated descriptors for
daphnia the PCA yields 7 PCs with an eigenvalue bigger
than 1, which account for more than 89 % of the total vari-
ance.

Multilayer Perceptrons
For modeling the dependency of the toxicity on the signifi-
cant descriptors a feasible approach is the use of feed-
forward ANNs. In a first step we employed MLPs for
function approximation using all 157 molecular descriptors
as input and -logl0(LCso/(mmol/1)) for trout as target 
put. As test set we randomly picked 16 molecules (e 10 %)
out of the whole set of molecules - the remaining 148
molecules constituted the training set. The results were of
course very poor with a maximal correlation on the test set
of only r = 0.28. This is easily to understand, as, such big
networks with 157 input nodes will not generalize if they
are trained with just 148 patterns. The use of only 61 de-
scriptors that are significantly correlated with the output
value did not improve the generalization at all.

In the next step we used 57 descriptors that have a sig-
nificant value in Spearman’s rank correlation. The results
were very astonishing as we got very low correlations of
r=0.15 but also very promising values of r= 0.81 de-
pending on the random choice of training and test subsets.
Even as we took the 8 principal components of the 57
significantly correlated descriptors with an eigenvalue
bigger than 1 the results varied that much. A possible ex-
planation may be that the 175 descriptors or the concentra-
tion values are not satisfactory or the 164 pesticides are not

a representative data set. This assumption is supported by
comparison of the 1983 and 1997 Pesticides Manual with
the HSDB database showing that the LCs0 taken from
different databases were identical for some values and very
different for others.

Therefore, we decided to use a 164-fold crossvalidation
for the following investigations, i.e. each network was
trained 164 times with 163 different input values and 1
single output value. This ensures the maximal possible
statistical security by testing every output independently
from all others.

Optimization by Evolutionary Algorithms
An algorithm for structure and topology optimization is
developed and tested for MLPs and recurrent ANN. Evo-
lutionary algorithms are powerful tools for optimization
tasks, especially if non-differentiable fitness functions are
assumed. They are well-suited for ANN optimization,
which can hardly done by other methods since the under-
lying functions are non-differentiable and even non-
continuous. Different optimization goals can be achieved
depending on the employed fitness function.

On the one hand, the network has to be big enough to
model the complex dependency of the output from the
inputs. On the other hand, the network has to be as small as
possible to show the required generalization abilities. In
order to fred the best input variables for a small network,
we implemented a genetic algorithm to select a subset of
descriptors. Using only the 2 descriptors log D (pH 7.4)
and LUMO, the MLP reached a correlation of r = 0.64 on
the test set with 1 64-fold crossvalidation. With 4 descrip-
tors log D (pH 9), moment of inertia A, molecular surface
area and RPCG relative positive charge
(QMPOS/QTPLUS) the correlation could be slightly im-
proved up to r = 0.65.

Rule Extraction Methods for ANN
In order to compare the results by ANN with those of role-
based systems, we will extract rules out of the trained
ANNs. The development of rule extraction methods is a
difficult problem that will be addressed in further investi-
gations. Basically there are two types of rule extraction
techniques: the extraction of Boolean rules out of ANN
and the extraction of fuzzy rules (Andrews, Diederich and
Tickle 1995). Among the first type of techniques there
exist again two subtypes: decompositional approaches,
which extract rules at the level of the individual (hidden
and output) units within the trained ANN, and pedagogical
approaches, which treat the ANN as "black box" and ex-
tract the rules from the input/output behavior of the ANN.

The second types of techniques for the extraction of
fuzzy rules generally is called neuro-fuzzy system (Nauck,
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Klawonn and Kruse 1997). Neuro-fuzzy systems facilitate
the initialization of ANNs by fuzzy rules, the training of
the network and the extraction of fuzzy rules out of a
trained network. Among the numerous possible approaches
we have studied BSNs, which are described in the follow-
ing section.

B-spline networks
BSNs make use of piecewise polynomials as membership
functions. Each interval of interest is divided into a number
of subintervals, whereby each subinterval is delimited by
brcakpoints that determine the appearance and position of
each B-spline. The activated basis function can be of
symmetrical or asymmetrical order. Asymmetrical basis
functions in the input space can be seen as clustering
method for structuring the descriptor space.

By using BSNs (Brown and Harris 1994; Zhang and
Knoll 1996) the approximation ability is only limited by
the number of knots distributed on each input interval.
Furthermore a BSN can be interpreted as a Takagi-Sugeno
fuzzy controller, which is useful for the task of role extrac-
tion (cf. previous section). Taking into account that most
observed real-world data are disturbed to a certain degree,
too complex structures of the BSN result in a high test
error and thus in a poor correlation. A preferably small
model must therefore be found to overcome overfitting to
the training data. We carried out a complete permutation
search to flnd the best descriptors for a given small model
of three linguistic terms on each input variable. Using 164-
fold crossvalidation we achieved a test correlation of
r = 0.62 as best result by finding log D (pH 9) and LUMO
as most promising input descriptors according to
-logm(LCso/(mmol/l)) as desired output. Covering the input
interval of LUMO with five linguistic terms increases the
correlation to r = 0.67.

Conclusions
The task of quantitative structure-property relationship for
acute toxicity is very difficult in our case. To model the
complex dependency of the aquatic toxicity on the mo-
lecular descriptors, we have only 164 molecules with 175
descriptors. Furthermore, the total set of molecules is very
inhomogeneous - it consists of 8 different chemical classes
with the biggest subset of a single class containing 27
organophosphoms - and the concentration values LCs0 are
not very reliable compared to other databases.

Any system modeling the QSPR must be big enough to
capture its complex behavior, however, it must be small
enough to have generalization abilities and not just "learn"
the 164 given patterns. In view of the small data set, the
above results must be treated with caution and they should

be verified on a statistically totally independent test set of
acceptable size.

The comparison of different ANNs shows that MLPs
have a good performance; therefore MLPs can be seen as
prototype for function approximation and non-linear inter-
polation. The preliminary results indicate that BSNs, which
have elements of fuzzy systems, neural networks and
clustering algorithms, are very promising for our task of
toxicity prediction. Further investigations are necessary to
be on the safe side with respect to the accuracy.
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