
Introduction

Rapid developments in combinatorial chemistry, agrochem-
istry and medicinal chemistry have introduced new methods
and significant improvements simultaneously in three com-
plementary directions: (i) lab automation for High
Throughput Screening (HTS) [1], (ii) analytical chemistry
for microdetection and micropurification of the tested com-
pounds or samples [2], and (iii) exploitation of large sets of
structural databases based on computer aided strategies for
finding new leads [3,4].

At present, most pharmaceutical or chemical companies
possess their own chemical molecular databases which
include hundreds of thousands of compounds. As it was
already described [5], for pharmaceutical companies these
databases are a real source of information which is used for
systematic search of new leads in Drug Design strategies.
So, these companies are constantly interested in acquiring
new databases. Nevertheless, taking into account the cost of
such databases and of experiment design based on HTS,
decisions have to be justified in term of molecular diversity.
Evidently, one solution could be the screening of all the
compounds of all databases, but due to the time and the cost
of such a procedure, this solution has to be rejected. An
alternative solution is the study of molecular diversity by
means of clustering and projection techniques to get a ratio-
nal experimental design in HTS.

Self-Organizing Map (SOM) [6] also referred to as
Kohonen Neural Network suggests new solutions to the
problem of managing multidimensional data. SOM com-
bines the advantages of both clustering and projection meth-
ods. Indeed, SOM divides a set of compounds into a num-

ber of clusters and visualises these clusters on a 2D map.
This map allows the user to analyse the cluster distribution
in the multidimensional descriptor hyperspace. SOM pre-
serves the topology of the original hyperspace, i.e. the points
located near each other in the original space remain neigh-
bours on SOM.

SOM was already applied to such chemical problems as
protein [7] or DNA [8] secondary structure mapping, mole-
cular surface unfolding [9,10] or the modelling of IR and
NMR spectra of organic compounds [11,12]. The first appli-
cations of SOM to manage large databases appeared
recently. Thus, SOM was used as a tool to establish struc-
ture-activity relationships in a database containing more than
10 000 compounds extracted from the National Cancer
Institute database [13]. In the recent work of Bauknecht
et al. [14] SOM was used to discriminate dopamine from
benzodiazepine agonists out of a training set of 172 com-
pounds by using autocorrelation descriptors. Recently, we
showed the capacity of SOM to classify biologically active
compounds [15].

Its dual nature, clustering and projecting, provides SOM
with interesting properties, most of which remain to discover
and will require intensive investigation. Measuring overlap
of two databases on their corresponding SOM allows to eval-
uate the structural complementarity between them. In this
paper, first, virtual examples will be considered. They con-
sist of two sets of points distributed within equal cubes, the
distance between the cubes was regularly reduced and the
cubes made to overlap at different degrees. In the second
example, a small pesticide database corresponding to com-
mercial organophosphorous compounds (OPC) was com-
pared with a larger data base STRAC [16] including more
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than two thousands OPC. Comparison was performed in
terms of chemical molecular diversity and of a more detailed
data examination of the compounds according to their loca-
tion in the cells of the corresponding SOM.

Method

In order to explore the molecular diversity for comparing
databases, the attention has to be focussed on three points:
(i) the method of treatment of the information, (ii) the char-
acteristics of the databases and (iii) the choice of the
descriptors. In two previous papers [15,17] we showed, the
advantages of SOM for the exploitation of molecular diver-
sity in large structural databases in comparison with other
techniques of classification and clustering. So, SOM was
chosen as a strategic tool for analysing molecular diversity
relative to different databases.

Self-organising maps

SOM is a non-linear mapping technique, intended to give a
representation of a given set of points in an nD multidi-
mensional hyperspace by a set of points in a 2D map which
directly corresponds to the human brain capacity to analyse
a set of points. The representative set on a 2D map preserves
the structure of the original set of points [18]. 

Let M be the dimensionality of the original hyperspace,
i.e. in our case M is equal to the number of molecular
descriptors. The SOM neural network consists of the input
layer (which, in turn, consists of M nodes which accept the
input data, i.e. molecular descriptors) and the 2D Kohonen
layer which are connected to each other, so that the data
from each input layer node are connected to all the Kohonen
layer, nodes. Each Kohonen layer node is characterized by
M adjustable weights corresponding to its connections to the
input layer. Each point of the original data set is projected
onto a cell of the map, the weights of which fit with its orig-
inal co-ordinates, in the best way in terms of Euclidean dis-
tances. The training procedure consists in adjusting the
weights, so that neighbouring Kohonen layer nodes would
be characterized by close weights. Hence, the chemical com-
pounds which are represented by close points in the multi-
dimensional descriptor space are represented by close cells
or even one cell on the Kohonen map. The SOM imple-
mentation, used in this study [19], includes some modifica-
tions of the original Kohonen algorithm. For example, a
“conscience mechanism” recently suggested by DeSieno
[20] to address the local minima problem was used. Another
useful option applied was interpolation which increases the
resolution of the 2D Kohonen map. Interpolation consists in
calculating the co-ordinates of the representative point by
taking into account the relative distances of the three clos-
est points in the original space. An explicit technical descrip-
tion of the algorithm used in this study may be found in ref-
erence [19].

The reliability of projecting multidimensional data onto a
2D map was evaluated using the Root Mean Square (RMS)
distance. This approach to the SOM validation introduced in
our previous work [15,17] is based on a reverse operation
consisting in projecting the data from the 2D map onto the
original multidimensional data space. This RMS value
accounts for the distances between the back-projected and

original data points in the original data space and is
expressed by the following formula:

(1)

where is the co-ordinate vector obtained by means of the

reverse projection for the i-th data point, is the vector of

the initial co-ordinates for the i-th data point,N is the num-

ber of data points,M is the number of descriptors used to

generate the hyperspace.

Data

In this study, two types of data were used: virtual databases
(VD) and real databases (RD) based on chemical structures.

Virtual data 

For demonstrating the potentialities of SOM, two sets of 200
points in a 3D space, simulating a multidimensional hyper-
space, were randomly distributed with a uniform distribution
function within two equal cubes with edges equal to 2. They
were used to simulate a virtual database VDn constituted by
the union of two virtual databasesVDn,a and VDn,b:

VDn = VDn,a ∪ VDn,b . (2)

The SOM procedure was applied to the VDn database. VDn,a

and VDn,b were positioned according to n different relative
positions to explore the capability of SOM to analyse the
structure of the data in the original hyperspace, or more sim-
ply, in this tutorial example, to explore the ability of SOM
to separate potent clusters and/or to know to what degree
they are overlapping. 

Real data 

Two real databases were taken in order to simulate the real
case which consists of the evaluation of the necessity to buy
a new database for a company. The real databases used in
this study were as follows:

• Database 1, RD1, was a set of 98 commercial pesticides
taken from the pesticide manual [21] molecular diversity
of these compounds is illustrated by schema 1. This data-
base included only organophosphorous compounds. Some
common structures are given table I. This database
formed by commercial pesticides was considered as a ref-
erence in order to evaluate the molecular diversity and
then the degree of originality of another real database
RD2. 

• Database 2, RD2, is a part of STRAC [16] a large data-
base of about 50 000 compounds tested as potent pesti-
cides, with the same biological test. In order to facilitate
the comparison between RD1 and STRAC, two types of
compounds were extracted from STRAC. Thus, database
2 consisted of two subsets of STRAC. The first subset,
RD2,a, a set of 94 compounds, represented the active OPC
which, when applied in a well defined dose, caused more

Ri

Ri

   
RMS =

Ri – Ri

2Σ
N

N ⋅ M
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than 85% of mortality for at least two of the six insect
species tested. The second oneRD2,b was exclusively
formed by organophosphorous compounds inactive on
five of the six insect species. This series contained 1059
compounds. Database 2 contained about 8% of active
compounds, which can be considered as a correct ratio of
active/inactive compounds in a database.

Kohonen Neural Network presents an apparent drawback,
resulting from the randomly initialised 2D maps, which pre-
vents a direct comparison of two SOMs even if issued from
the same database represented in the same hyperspace. To
avoid this drawback the comparison of two databases is done
with help of a unique and complete calculation of global
database RD in which the two previous ones are merged so
that:

RD = RD1 ∪ (RD2,a ∪ RD2,b) . (3)

All the 1215 compounds from RD were projected and visu-
alised on the same SOM map. Then it was possible to com-
pare the molecular diversity of commercial pesticide data-
base RD1 with that of active and inactive subsets RD2,a and
RD2,b from STRAC.

Molecular descriptors

While virtual databases were expressed in terms of points in
a three dimensional space, the molecular structures forming
the real databases were represented by points in a 45 mul-
tidimensional hyperspace derived from the 45 different mol-
ecular descriptors selected. This set of 45 descriptors
includes topological, physico-chemical and electronic
descriptors. Molar refraction, molar volume and molecular
weight were used as size descriptors. The shape features of
the molecules were characterised by these topological
indices which account for the ramification degree, the
oblong character, etc. In this study, 20 connectivity indices
(0χ, 1χ, 2χ, 3χC, 3χP, 4χP, 4χPC, 5χP, 5χC, 6χP, 0χv, 1χv, 2χv, 3χv

C,
3χv

P, 4χv
P, 4χv

PC, 5χv
P, 5χv

C, 6χv
P), 7 information content

descriptors (ID
V, ICN, SICN, CICN, N = 0, 1), the Wiener index

(W), the centric index of Balaban, the numbers of paths of
lengths 1 to 4 and the numbers of nodes with 1 to 4 near-
est neighbours were used. These descriptors were reviewed
in detail by Basak [22] and Rouvray [23]. A lipophilicity
descriptor represented by the octanol/water partition coeffi-
cient (log Poct/water) was calculated using the Hansch and Leo
method [24]. One more group of descriptors was derived
from atomic electronegativity values (nv) according to
Sanderson [25]. These descriptors were min(nv), max(nv)
and mean(nv) in the molecule, and the variation of nv over
the molecule.

The advantage of these descriptors is their ability to take
into account not only the main structural features of each
molecule, but also their global behaviour. 

Results and discussion

Virtual data

For demonstrating the clustering and visual representation
capabilities of SOMs eight virtual databases were created in
a 3D space. The eight virtual databases correspond to:
VDX = (VDX1 ∪ VDX2) where X equals a to h (Fig. 1). VDX1

and VDX2 are two subsets. Each VDX database consisted of
400 points distributed randomly and uniformly in two sub-
sets of 200 points within two equal cubes. In all examples,
the edges of the cubes are equal to 2. The centre of one of
the cubes corresponding toVDX1 was taken as the reference
point of the cartesian co-ordinates. All the faces of the two
cubes were parallel to the corresponding co-ordinates. The
centre of the second cube corresponding to VDX2 was located
at different points of the Oz axis, so that the distance
between the centres of the two cubes decreased accordingly,
as seen in the following examples (Fig. 1). In the first exam-
ple of figure 1a the distance,d, between the closest parallel
planes of the cubes equals 1, thus making up 50% of the
cube size. In the second and third examples, given in fig-
ures 1b and 1c, this distance,d, equals 0.2 and 0.02, respec-
tively making up 10% and 1% of the cube size, whereas in
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the fourth example (Fig. 1d) the distance,d, equals 0, thus
the two cubes were adjoining each other. In the second series
of examples given in figures 1e to 1h, the cubes were par-
tially made to overlap. The overlap volume equals 25%,
50%, 75% and 90% of one of the cubes, in the examples
selected. The corresponding SOMs are shown on the right
side of figure 1. Filled circles on the maps correspond to the
points distributed within the black cube, open circles corre-
spond to the second cube. The overlapping areas of the
cubes are shown in grey. It is clearly seen that two clusters
on the SOM are separated by a gap, if there is a sufficiently
large distance between the clusters of the original set 
(Figs. 1a and 1b). If there is only a small (about 1% of their
size) gap between the original clusters, or if the two origi-
nal clusters adjoin each other, there is a small overlap rather
than a gap between their representative clusters on the map
(Figs. 1c and 1d). When original clusters overlap, there is a
corresponding overlap on the SOM. The larger the overlap
is in the original hyperspace, the greater it is in the projec-
tion on the 2D map obtained with the SOM procedure 
(Figs. 1e-h). Other more complex virtual examples not pre-
sented here have been constructed in spaces with higher
dimensionalities and have given similar results.

Real data

An interpolated and non-interpolated 10 × 10 SOM for the
RD database including 1251 congeneric organophosphorous
compounds were obtained after about 40 000 iterations. The
global map, with its non linear procedures, demonstrates the
property of SOM to maximise the areas occupied by the rep-

resentative points, thus increasing the resolution power in
comparison with other projection techniques. The resulting
interpolated and non-interpolated maps were divided into
three maps corresponding to the three data sets, namely
commercial pesticides database RD1, the active compounds
from STRAC RD2a and the inactive compounds from
STRAC RD2b. The three maps obtained using the interpolate
option are shown in figure 2. In addition, figure 3 also pre-
sents the more usual non-interpolated maps and the corre-
sponding number of compounds included in each Kohonen
cell, also called node. The validation of these Kohonen maps
were determined with the root mean square value (RMS).
All the maps possessed a RMS value not exceeding 0.06
which is very satisfactory relatively to similar cases studied
elsewhere.

The interpolated map allows to visualise the distribution
of different sets of compounds on the Kohonen map.
Commercial compounds occupy only one part of the map,
the active compounds from STRAC have a larger distribu-
tion and the inactive ones are distributed over the whole
map. Nevertheless, in order to quantify the overlap and the
distribution of compounds for analysing and comparing the
three data sets, it is easier to work with the non-interpolated
map. 

Comparison of commercial databases

SOM analysis

The commercial pesticides of DB1 occupy 33% of the nodes
among which, 14 nodes are occupied only by one 
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compound. The STRAC active compounds in DB2 occupy
46% of the nodes with 23 nodes occupied by only one com-
pound. Thus, the active compounds from STRAC cover a
larger area than the commercial pesticides. Nevertheless,
among the active compounds, 63 out of 94 were found to
fall into the same nodes as the commercial compounds. Like
the commercial compounds, the STRAC active compounds
are essentially concentrated around the upper right quarter
of the map. Outside this region, some active compounds
form several other independent clusters in other areas of the
map. These compounds are probably active; but due to their
high toxicity they are bad candidates for commercial com-
pounds. 

Structural analysis

Two categories of areas were found on the map i.e. areas
containing only STRAC active compounds and areas con-
taining active compounds from STRAC and commercial pes-
ticides. 

The first category consists of three areas including only
the active compounds from STRAC. These areas and some

included molecular structures are shown in figure 4. The
structural analysis of the compounds from these areas was
performed. It was shown that only organophosphorous com-
pounds with two or three phosphorus are located in these
areas, whereas among all commercial pesticides only one
compound is of this type. This first result suggests a larger
molecular diversity for the active compounds from STRAC
than for the active commercial compounds. Analysing this
map, the active compounds found in cluster 3 which present
a methyl non-leaving group plus a P-S bond which exhibits
a good leaving group (Fig. 4). This leaving group is known
to play a major role in the biological activity organophos-
phorous compounds (OPC). Several authors, by means of
different methods such as mutagenesis [26], Nuclear
Magnetic Resonance [27], Molecular Modelling [28] studies,
showed that OPC interact with acetylcholinesterase in mam-
mals, insects, and other species, by irreversibly blocking the
catalytic site of the enzyme. Moreover, it was shown that
highly toxic organophosphorous compounds possess a small
non-leaving group, a methyl group for example, and a good
leaving group at the P-S, P-F bonds, etc. Such compounds
were used as warfare agents like sarin, soman, VX [29,30],
etc. These remarks suggest that some active insecticide com-
pounds from STRAC, like the compounds included in clus-
ter 3, were excluded from commercial clusters because they
are too toxic for other organisms in the environment. So,
such compounds are bad candidates for new commercial
insecticide compounds.

The second category of areas contains both active com-
pounds from STRAC and commercial ones. Some molecu-
lar structures of commercial and STRAC active compounds
are shown in figure 5. Cluster 3 includes compounds with
halogen atoms. Clusters 1 and 2 include only aromatic com-
pounds. The three active compounds from STRAC found in
the nodes together with commercial ones have either (i) a
good leaving group with a bad non leaving group, e.g. the
active compounds from cluster 3, or (ii) a bad leaving group
but with a good spatial arrangement of the substituents
around the phosphorus atom, as shown in the STRAC active
compounds from clusters 1 and 2. However, it must be
underlined that in these clusters 1 and 2 no compounds will
exhibit both of the above mentioned favourable features
which generally lower the toxicity for the environment
species, but not for pests. The variations in the homology
between the acetylcholinesterases of different species and
the phenomenon of transport into the organisms are respon-
sible for the behaviour of these compounds. In addition,
cluster 4 contains only the one active compound from
STRAC that is also present in the commercial database. It
is coherent with the robustness of the classification method,
a compound belonging simultaneously to the two data bases
can be found twice and in the same node. Nevertheless, no
other STRAC active compound was found in this node
which contains five commercial compounds, which under-
lines the differences in redundancies between the two data-
bases.

Comparison of the commercial pesticide database
with the inactive compounds from STRAC

SOM analysis

As far as commercial pesticides are concerned, 82 out of 98
of them are distributed within the domain occupying 25% of
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the whole map. This result confirms the relatively low mol-
ecular diversity among all the commercial compounds due
to the great attention brought in selecting those with high
activities on pests and low toxicities on the environment.
The inactive compounds from STRAC occupy the whole
map, even the nodes containing commercial compounds, 32
nodes contain both commercial and inactive compounds.
These nodes contain 98 commercial compounds and 525
inactive compounds. In the extreme case, with a 
10 × 10 map and with a uniform distribution of compounds,
each node would contain 1 commercial compound and about
10 inactive compounds, thus making the average number of
commercial compounds equal to 9% of all compounds (100
out of 1000 + 100 = 1100). If only the nodes containing
commercial compounds were taken into account, their num-
ber in these nodes would, on average, rise to about 16% of
all the compounds in these nodes (98 out of 525 + 98 =
623). Moreover, some nodes contain more than 20% of com-
mercial compounds. All these ratios are represented in fig-
ure 6 where it is shown that the number of commercial com-
pounds for some nodes arises to 37%. Thus, in these nodes,
the probability to find a potential commercial compound is

higher. The richness,R, in commercial compounds, of a non-
empty node, can be defined as follows:

Rij = NX
ij / (NX

ij + NY
ij) × 100 (4)

where i and j correspond to the co-ordinates of the node on
the Kohonen map (in this case i, j = 1, ..., 10); NX

ij is equal
to the number of commercial compounds in a node with the
co-ordinates ij ; NY

ij is equal to the number of STRAC inac-
tive compounds in a node with the same co-ordinates ij .

The enrichment,E, of a node by commercial compounds
can be defined as follows:

Eij = Rij / R0, (5)

where R0 is the richness of each node on the map with uni-
formly distributed compounds (in our case R0 ≈ 9%). R and
E values can be useful for estimating molecular diversity
when comparing large databases containing mainly active
compounds (for a given map,R and E values are propor-
tional to each other). 
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Fig. 3. Organophosphorous com-
pounds projected on the Kohonen
map and the distribution of com-
pounds in each Kohonen node with
the non-interpolate option: (a)
Commercial pesticide compounds
alone, (b) Active compounds from
STRAC alone and (c) Inactive com-
pounds from STRAC alone.



Structural analysis

The structural analysis of clusters containing both STRAC
inactive compounds and commercial compounds (Fig. 7)
allowed to draw three conclusions: (i) Cluster 1 contains a
majority of commercial compounds which, in addition to a
good leaving group at the P-S bond, possess a carbonyl
group in fourth position from the phosphorus atom. For this
cluster the richness of the nodes in commercial compounds
equals 25%. It was shown that such compounds are highly
toxic on fish [28]. Thus, these commercial compounds are
not well optimised. This means that these compounds could
be considered as non commercial compounds. This result
could explain also the presence in the same node of a
STRAC inactive compound with a similar structure but with-
out a good leaving group, as shown in figure 7. (ii) The
STRAC inactive compounds from clusters 2 and 3 that are
presented here, compared to commercial compounds, pos-
sess either bad leaving groups or bulky non leaving group
thus inducing problems to enter the catalytic site of the
enzyme. (iii) This last point concerned methodological
aspects. The overlap between commercial compounds and
STRAC inactive compounds could finally be explained by
the limited discriminating power of the molecular descrip-
tors chosen here. Other descriptors, more sensitive to the
biological activity of acetylcholinesterase inhibitors, would
have to be imagined by molecular modelling at the level of
the catalytic site [28] and 3D QSAR studies of OPC and

added to the list of the descriptors used or applied separately
as a new set of descriptors. The other explanation could be
the way these compounds were synthesised. In fact, synthe-
sis of compounds is generally oriented, and this is the other
reason why a great number of STRAC inactive compounds
have molecular descriptors similar to those of some 
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commercial ones. A last observation can be made as regards
to the distribution of STRAC inactive compounds on the
Kohonen map. The chemical separation of the data set con-
taining only STRAC inactive compounds is evident. In fact,
the compounds projected onto the upper part of the SOM
map in figure 3c, and isolated from the others, have struc-
tures different from those of other compounds. Some of
them were visualised in figure 8. Even if many inactive com-
pounds fall into the same clusters as the commercial ones,
there is, nevertheless, a wide molecular diversity among the
inactive compounds of this data set of STRAC. In figure 8
compounds are shown whose high molecular weights are
due to several phosphorus centres and bulky substituents.
Since the catalytic site of acetylcholinesterases is known
[28,32], it is possible to explain the cause of their inactiv-
ity. They are too big to be able to enter the active site and
their activity is not optimised, e.g. compare the structures of
STRAC active compounds from figures 4 and 5 and those
of STRAC inactive compounds from figures 7 and 8. 

Conclusion

Kohonen Neural Networks, originally presented as Self
Organising Maps (SOM) exhibit interesting projecting and
visualising properties. From a methodological point of view,
the most distinctive feature of SOM Neural Network is its

ability to represent the original multidimensional set of
points on a two dimensional map while preserving the order
of distances between the points but in a non linear way. 

The main features of SOM are presented here with sim-
ple virtual data bases which help us to understand how the
distribution of the points in nodes of a 2D map can reflect
the structure of the complex original hyperspace, via a non
linear procedure. This SOM procedure is applied also to a
real case: the comparison of two data bases. They deal
respectively with the commercial organophosphorous pesti-
cides and with a large number of organophosphorous com-
pounds (OPC) tested as pesticides. This comparison is based
on the analysis of molecular diversity by starting from the
complex hyperspace established by a set of 45 molecular
descriptors to arrive to an easily understandable 2D map. It
must be underlined that to apply the SOM projection pro-
cedure the choice of an appropriate set of descriptors
remains fundamental to obtain a proper hyperspace exhibit-
ing a good discrimination, i.e. allowing a good appraisal of
molecular diversity, among all the compounds of the con-
sidered chemical data bases.

The following salient features can be deduced from this
study:

(1) For comparing two databases on organophosphorous
compounds as potent pesticides, it was shown that SOM
Neural Network could be used as a powerful and reliable
tool for exploring and comparing molecular databases of
different origins. The development of specific tools for the
characterisation of these Kohonen 2D maps makes it possi-
ble to establish classical statistics in order to quantify the
different aspects of the chemical diversity between and
inside the compared data bases. 

(2) For the first time SOM was applied to the compari-
son of large series of congeneric compounds. So despite the
fact that the two data bases considered have only 1% of
identical active compounds, it was possible to interpret the
structural effects on the congeneric compounds, in an under-
standable way, on chemical and biological bases.
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More generally, this study suggests new strategies and
complementary tools in experimental drug design in con-
nection with High Throughput Screening, for the search of
new leads, and for the risk assessment of new OPC. Work
is underway to develop both these points [33].
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