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Kohonen Artificial Neural Network and Counter Propagation Neural
Network in Molecular Structure-Toxicity Studies
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Abstract: We present self-organizing map or Kohonen network and counter propagation neural network as
powerful tools in quantitative structure property/activity relationship modeling. Two areas of applications are
discussed: estimation of toxic properties in environmental research and applications in drug research.
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INTRODUCTION

In this article we give an overview over the using of self-
organizing maps (SOM) and counter propagation artificial
neural networks (CP NN) in Quantitative Structure-
Activity/Toxicity Relationship studies (QSAR/QSTR).
Some specifics, which make mentioned techniques attractive
in QSAR/QSPR are discussed. In comparison to other
neural network methods the SOM and CP NN are
transparent and the results are easily interpretable. The basic
result of SOM is an arrangement of objects in a two-
dimensional network on the basis of similarity among
objects. One of the reasons to perform this mapping is the
visualization of data. Our mind can not analyze the data in
multi-dimensional spaces, but it is very effective in
analyzing of two-dimensional pictures. From two-
dimensional pictures one easily recognizes similarity
relationships among the objects. The details, i.e. the
architecture of network, learning strategy, basic properties,
and how the SOM and CP NN are used in QSPR/QSAR are
described in the sections below.

An interesting area of application is estimation of toxic
properties of chemicals for risk assessment and classification
for regulatory purposes. There are more than 82000
substances in current use as chemicals in commerce in USA
and EU. According to the Toxic Substances Control Act
(TSCA) Inventory this number is growing by nearly 3000
substances per year [1]. Only about 15% of TSCA chemicals
have data necessary for reliable risk assessment. Similar
situation is on European market. Institute for Health and
Consumer Protection reports that different toxicity data are
available for 15% - 70% of High Production Volume
Chemicals [2]. For the estimation of missing data, which are
required for risk assessment of chemicals the using of QSAR
and similar computational methods is recommended from
producers and regulatory bodies. The theoretical approach
faces several problems about the consistency of databases,
representation of molecular structures, building of models,
and testing and validation of models. The databases usually
consist of diverse chemicals, i.e., the chemicals, which are
active due to different mechanisms. The theoretical methods
should be robust enough to treat this diversity within a
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single model. Mentioned techniques seem to be suitable for
this.

Other field of interest is drug research. The QSAR
employing mostly linear regression method as a modeling
technique plays an important role in drug design,
particularly in the latter stage of drug development when the
lead compound is already known [3]. The role of the
standard QSAR approach is to find in the set of congeneric
compounds the optimal drug. In the last years new aspects
in drug development are approaching: to find new leads
acting on the same receptor or to find drugs acting on
different receptors but having the same biological effect. For
these purposes diverse data sets must be considered, which
can be treated more effectively with non-linear methods [4,
5].

A general problem in QSAR modeling is the selection of
most relevant descriptors. Descriptors are parameters
calculated from a molecular structure, or they are measured
with different physico-chemical methods. They represent a
molecular structure in a model, or with the other words they
encode the molecular structure on numerical way. Nowadays
hundreds of descriptors are in use. Further informations on
their systematic, methods of calculation and application are
given in References [6, 7]. In last decade the methods like
neural networks including SOM, genetic algorithm and
fuzzy logic methods are often used to select important
descriptors [8, 9].

ARCHITECTURE AND LEARNING STRATEGY OF
SOM AND CP NN

SOM or Kohonen neural network is one of the basic
types of artificial neural networks. Its architecture represents
a two-dimensional grid of connected neurons, which are
multi-dimensional vectors. (The dimension of vectors is
equal to the number of descriptors.) The learning of SOM is
the projection from multi-dimensional space onto two-
dimensional grid (array) of neurons. The projection or
learning of network runs in two-steps, the first step is the
selection of the winning neuron and the second step is the
self-organization of the map [10]. In details it runs as
follows. A vector, which represents an object is presented to
all neurons and the algorithm selects the neuron that is most
similar to it (winning neuron). In the second step the
weights of the winning neuron are modified to the vector
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Fig. (1). Structure of CP NN.

values and in the same time the neighboring neurons are
modified to become similar to it. Details and mathematical
expressions are discussed in several textbooks and articles
[8, 9]. After all objects are presented to the network one
learning epoch is over. This procedure repeats until the
weights are stabilized. As a result one obtains objects
organized in two-dimensional map with layer structure,
where each layer represents one component of multi-
dimensional vector (one descriptor). The mapping is
topology preserving what means that similar objects in
descriptor space are located close to each other (or even on
the same neuron) but it is not metric preserving. There are
attempts to include the metric information into SOM, for
example the using of colored graphs [11]. Indeed, the lost of
metric information is not a shortcoming. The projection
from multi-dimensional space onto very limited grid of
neurons caused overlapping and squeezing of information.
With the other words, a region in two-dimensional grid
carries information from different regions of original space.
A map is not only a picture of original space, but also a
model. In this stage of training only input variables
(representation vectors) were taken into account and therefore
the SOM is referred as unsupervised network.

The simplest way to include the output variables
(property values) is to increase the dimension of neurons and
treat the input and output variables equivocally [12]. The
counter propagation neural network (CP NN) implements
input and output variables differently [9, 13]. The

architecture of CP NN is shown in Fig. (1). It has two layers
the input layer, which has the same structure as in SOM and
the output layer situated beneath. The difference to SOM lies
in the learning strategy. The learning in the input layer is the
same as in SOM, i.e., the input variables determinate the
arrangement of objects. When the arrangement is set the
positions of objects are projected to the output layer where
the weights are modified in such a way that the weights on
projected positions correspond to the output values. In
addition, the weights in the neighborhood are modified. On
this way the response surface is constructed. This part of
training is conducted considering the output values and
therefore it is usually referred as the supervised part of
training of CP NN. Similarly, the prediction runs over two
steps. In the first step the object is located into input layer
on the neuron with the most similar weights. In the second
step, the position of that neuron is projected to the output
layer, which gives the predicted output value.

APPLICATIONS IN QSAR MODELING

Modeling

In comparison to other neural networks the SOM and CP
NN have transparent structure, i. e., the results can be easily
interpreted. An advantage is that we can follow the
predictions. When an object is situated into the trained
network its neighbors determine the prediction. In addition,
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Fig. (2). Distibution of water/octanol partition coefficient log P (figure A) and aquatic toxicity (figure B) for Duluth data set. Aquatic
toxicity is defined as lethal concentration toward fish fathead minnow - Pimephales promelas. 562 compounds were described by 169
descriptors including log P. The map of dimension 30x30 was trained with 800 learning epochs.

analyzing individual descriptor layers in SOM one
recognizes the importance of individual descriptors (see Fig.
(1)). The comparison of contour plots of a descriptor layer
and response surface shows the relationship between
descriptor and property (see Fig. (2)).

In construction of SOM or CP NN models the following
technical parameters must be determined, the minimal and
maximal learning rates (ηmin and ηmax), number of learning
epochs and the dimension of the network. For the dimension
of the network authors in references [14, 15] propose a rule
of thumb, which states that the number of neurons should be
one to three times the number of objects in training set.
Alternatively, the dimension can be set as a larger dimension
with all occupied neurons [16].

Usually in QSAR studies the number of descriptors
overwhelms the number of objects. In SOM and CP NN
there is formally no limit on dimension of representation
vectors. However, one must be aware that in the algorithm
all descriptors are treated equivocally and when a large
number of descriptors is used an important descriptor can be
diminished by a noise of others [17]. Large number of
descriptors is used when molecular shapes [18], spectra [19],
or other encoding of 3D molecular structures are taken to
represent the molecules [20, 21].

The statistical parameters, which describe the quality of
models, are mostly comparable for linear models and the
SOM or CP NN models [22, 23]. It is to emphasize that in
SOM and CP NN modeling one obtains more information
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about the data set from a single model [24]. In reference [25]
authors report CP NN and multiple linear regression results
for the set of 105 flavonoids studying the inhibitory activity
of enzyme p56lck. The results are in favor of CP NN
method. The correlation coefficients for predicted test set are
r = 0.71 for linear method and r = 0.82 for CP NN. Other
examples of application of SOM in drug research are given
in reference [10] and references therein.

Clustering versus classification

Due to the basic property of the mapping to locate
similar objects close to each other the SOM and CP NN are
tools for clustering. Visual inspection of the map enables us
to recognize the clusters and thus the similarity relationships
within the data set [26]. The classification is conceptually
different. It is an ordering of objects into exactly predefined
classes. The CP NN with the strategy of ‘multi-dimensional
output layer’ is a suitable tool for classification [21, 27, 28].
By ordering of objects into n-classes the n-dimensional
output layer must be defined. Output variable (property) of a
compound belonging to i-th class is described with n-
dimensional vector with ‘one‘ on the i-th position and ‘zero‘
on all other positions. The learning runs as described above
where n different response surfaces are created. In a
prediction one obtains as a result n-dimensional vector with
components expressed as real numbers between zero and one.
Each number represents affiliation to a particular class. Two
situations can occur. First, one component is essential larger
than others. In such a case the predicted object unambiguity
belongs to the pointed class. Second, more components are
approximately the same. In such a case the object is set to
several classes. In a very peculiar case all components are
approximately equal. This means that the model can not
decide in which class the element belongs, and this is a very
valuable result. We know a priori that the model is not able
to describe this particular object [21, 28, 29]. In reference
[29] authors propose a model for classification of
compounds on evidence of their endocrine disruption
activity. The model was built with 106 compounds, which
were selected from 553 chemicals inspected by the European
Union Commission.

Outliers

The SOM gives valuable information of similarity
relationships among objects (molecules). Particularly
interesting is the analysis of molecules that are located on
the same neuron. The model recognizes such molecules as
identical, or with the other words their representation vectors
are too similar to be discriminated by the model.
Furthermore, in the CP NN the output layer can be analyzed.
It happens that two or more compounds with very different
activities are located on the same neuron. We conclude that
one is an outlier. To realize which one is the outlier we
analyze the neighborhood of the neuron. If the neighboring
neurons are occupied by active compounds the non active
compound, is an outlier and vice versa. Existing of such
outliers is not a disaster it solely means that our descriptors
are not complete. In reference [22] structure-mutagenicity
relationship was studied on the set of 95 aromatic and
heteroaromatic compounds. The quality of linear and CP NN

models is comparable. Beside the comparison of methods
authors studied how different descriptors, which describe the
molecular structures on different hierarchical levels, influence
the selection of outliers.

Descriptor Selection

This is an important issue in QSAR studies. Nowadays
hundreds of descriptors can be easily calculated from
molecular structures [6-8]. The SOM can be used for these
purposes in different ways. The SOM can be trained with
‘transposed matrix’, i.e., the data matrix where the roles of
objects and descriptors are exchanged. In the resulting SOM
the descriptors are arranged according to the similarity
relationship into clusters. One selects from each cluster
representative descriptors [16, 29]. In reference [30] authors
studied SOM of 169 descriptors plus toxicity on the set of
562 compounds of Duluth data set [31]. In the map three
descriptors were found in the closest neighborhood of
toxicity: log P, weight of the free compound, and the
valence index of Kier and Hall. Fig. (2 ) shows the
distribution of log P and the distribution of toxicity values
over the map. In report [16] the SOM was applied for
desriptor selection on set of 95 aromatic and heteroaromatic
amines. From 240 descriptors a handful descriptors was
systematically selected. Models built with four, five, or 36
descriptors have cross validation correlation coefficients r on
the interval 0.83 < r < 0.85.

Reference [32] reports the comparison between linear
regression and CP NN results for 28 flavonoids (a subset of
105 flavonoids mentioned above) represented with multi-
dimensional vectors, which encoded the 3D structures.
Multiple linear regression was used to select the most
relevant descriptors. In reference [23] authors studied
mutagenic potency of 12 trimethylimidazopyridine isomers.
In both last examples the linear method outperforms the CP
NN.

Testing and Validation

The testing of models is the crucial point in model
developing. In reference [33] authors suggest that the final
validation of models should be done with external validation
set. However, in the model development several tests using
the available data are recommended.

Recall Ability Test

In this test the property values are predicted for the
objects of training set. It shows how the model recognizes
the training data. It is known that this test overestimates the
quality of CP NN models. With CP NN models it is often
possible to achieve a good fit to training set, but the model
is poor in prediction. For objective estimation of the quality
of models the leave-one-out and further test methods with
independent sets must be taken.

Leave-One-Out Cross Validation

Here the objects one after another are selected out,
whereas for every selected object the model is built with
remaining ones. In the next step this model is used to
predict the property for the selected object. The test gives
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information on prediction ability and on the quality of data
set. It is often used to set the technical parameters of model.

Division in Training and Test Set

For testing of models we sometimes divide the data set
into two subsets, training set is used to build the model,
testing set to test it. To obtain reasonable predictions for the
test set the training set must contain information of entire
descriptor space. If the SOM is used for the division the
Kohonen map is divided into sub-parcels selecting the
objects for training and test set from each sub-parcel
equivocally [34]. It is expected that such training set
possesses the information content of the entire set [15, 35,
36]. The SOM is often used to divide the set into training
and test set whereas latter other techniques are applied to
build the models [15, 34, 37]. To prove how the both set
cover the entire space is recommended to train the model
with test set and test it with the training set. If the selection
was good the both abilities are approximately equal. In some
further tests the data can be scrambled, or random descriptors
can be introduced [35-40]. In reference [36] authors studied
the set of 95 aromatic amines with their mutagenic potency.
After removal of two outliers the model was trained with 31
compounds and tested with 62 ones. The correlation
coefficient for test set was found as r = 0.91 and when the
roles of training set and test set were exchanged the
correlation coefficient slightly decreased to r = 0.85. The
model broke down when the output values were randomly
permuted (r = 0.25). In reference [38] authors applied similar
strategy in treatment of Duluth data set (see section above).
For the test set the correlation coefficient was r = 0.77 and
after exchanging of training and test set it was r = 0.75.

CONCLUSIONS

We try to describe the properties and advantages of SOM
and CP NN as tools in QSAR/QSPR modeling. A basic
advantage is that different informations can be withdrawn
from the single model. Analysis of clusters in network gives
information on similarity relationship within the data set,
the same model can be used for prediction of variables and
for classification. Furthermore, the analysis of individual
descriptor layers shows the role of descriptor in the model.
On the other hand, the methods have some disadvantages.
First, for the construction of reliable models some technical
parameters must be set. We discussed the testing methods
for the setting of parameters; however, a doubt on selection
of proper parameters always exists. Second, SOM and CP
NN do not extrapolate. Even the objects, which are
completely out of domain are situated somewhere in SOM
and CP NN gives a prediction, which is on the interval
defined with the training data. Both shortcomings are
avoided by carefully using of the methods. A scrutinizing of
the input data and the results is necessary during the entire
course of modeling.
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ABBREVIATIONS

SOM = Self-organizing Map

CP NN = Counter Propagation Neural Network

QSPR/QSAR = Quantitative Structure-Property/Activity 
Relationship

TSCA = Toxic Substances Control Act
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