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Abstract – A data set of 389 compounds, active in the central nervous system (CNS) and divided into eight classes according to the
receptor type, was extracted from the RBI© database and analyzed by Self-Organizing Maps (SOM), also known as Kohonen
Artificial Neural Networks. This method gives a 2D representation of the distribution of the compounds in the hyperspace derived
from their molecular descriptors. As SOM belongs to the category of unsupervised techniques, it has to be combined with another
method in order to generate classification models with predictive ability. The fuzzy clustering (FC) approach seems to be particularly
suitable to delineate clusters in a rational way from SOM and to get an automatic objective map interpretation.

Maps derived by SOM showed specific regions associated with a unique receptor type and zones in which two or more activity
classes are nested. Then, the modeling ability of the proposed SOM/FC Hybrid System tools applied simultaneously to eight activity
classes was validated after dividing the 389 compounds into a training set and a test set, including 259 and 130 molecules,
respectively. The proper experimental activity class, among the eight possible ones, was predicted simultaneously and correctly for
81% of the test set compounds. © 2001 Éditions scientifiques et médicales Elsevier SAS

database mining / self-organizing map / fuzzy clustering / molecular diversity / CNS activity

1. Introduction

Combinatorial chemistry technologies [1, 2] and
high throughput screening (HTS) [3, 4] are simulta-
neously used by all major pharmaceutical companies
in order to isolate new active leads. These discovery
strategies generate an impressive number of com-
pound libraries. To maximize molecular diversity and
to reduce overall costs, a pre-selection of the com-
pounds to be screened should be envisaged. Indeed, a
high molecular diversity increases the probabilities to
find a new pharmacological lead by HTS, avoiding
testing many redundant compounds. This objective
can be achieved by designing and classifying large
chemical libraries in order to get enhanced informa-
tion content. With help of automated data classifica-
tion methods, sets of molecular descriptors
representing the compounds included in a chemical
database are correlated to a given molecular property,

and predictive models able to select untested
molecules with required physicochemical characteris-
tics or biological activities can be derived [5–7].

For chemical database mining (DBM) derived from
the exploitation of molecular diversity, artificial neu-
ral networks (ANN) exhibit a powerful pattern recog-
nition paradigm, able to analyze various types of data
[8–10]. Self-Organizing Maps (SOM) [11], also known
as Kohonen ANN, offer new means for DBM related
to bio-active compounds [12–15]. Compound data-
bases are represented in a hyperspace derived from
their molecular descriptors and the purpose of SOM
is to give a 2D map representation of the compound
distribution in the hyperspace. This technique has
been used to process huge amounts of data in a high
dimension space [16]. However, it must be underlined
that SOM belongs to the category of unsupervised
techniques and it cannot be used directly for predic-
tive aims.

To resolve this classification drawback, a possible
solution consists in combining SOM with another
technique, i.e. generating a hybrid system that pre-
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serves the user-friendly interpretation of Kohonen
maps. The fuzzy set theory introduced by Zadeh in
1960 is worth investigating [17, 18]. It can provide
very simple and interpretable solutions to classifica-
tion problems within the context of imprecise cate-
gories. Fuzzy systems have been widely used in the
field of process control where the idea is to convert
human expert knowledge into fuzzy rules. More re-
cently, several pattern recognition methods have been
proposed to automatically generate fuzzy rules from
numerical data [19]. This field of research is recent but
very promising and it can be related successfully to
the exploitation of chemical databases.

The aim of this work was to apply these DBM
tools to the field of central nervous system (CNS)
active compounds. CNS is a source of wide researches
to generate new molecules in the care of diffuse neu-
rology pathologies [20–24]. Compounds active on
CNS receptors should readily permeate across the
blood–brain barrier (BBB) [25, 26] and the CNS
activity seems influenced by several physicochemical
properties, such as molecular size and shape,
lipophilicity, hydrogen-bonding and charge [27–29].

So far, predictive models of CNS activity have
mainly been established through standard QSAR ap-
proaches on small series of a few dozen related com-
pounds [30–33]. But the field of application of such
QSAR approaches is clearly inappropriate if the aim
is to design diverse combinatorial libraries. With this
object, Bauknecht et al. [13] showed, by SOM, that
two families of dopamine and benzodiazepine agonist
compounds can still be distinguished if they are
merged in a larger data set of 8323 compounds com-
prising a wide structural variety. Then, the projection
of untested molecules in a self-organizing neural net-
work could be used for searching for structural simi-
larity and, consequently, new leads with CNS activity.
But, SOM being an unsupervised method, this tech-
nique can be used only if a ‘natural’ regrouping of the
compounds is evident and each ‘cluster’ is well sepa-
rated from the others.

Finally, a recent paper of Ajay et al. [34] proposed
the first solution to systematically design a CNS-ac-
tive library, using an ANN trained by Bayesian
method to classify a database including 15 000 active
and 50 000 inactive compounds. The method shows a
good ability to predict correctly which compounds
present CNS activity, but was limited to active/inac-
tive classification, neglecting the specific CNS mecha-

nism, which is nevertheless the ultimate goal of a
DBM strategy. Such an approach belongs to the first
generation procedures.

The present paper aims to develop second genera-
tion procedures in order to go a step ahead in the
virtual screening of new compounds. The proposed
improvement consists in classifying the CNS-active
compounds according to the different CNS receptors
on which they could act. The classification problem is
made more complex by the fact that the same chemi-
cal can be active on different receptors. Fuzzy tech-
niques, which are based on the possibility to handle
the ‘concept of partial truth’, should provide solutions
to this problem, inserted in the context of ‘imprecise
categories’. Then, a hybrid system integrating SOM
and fuzzy clustering (FC), just developed elsewhere
for olfaction [35], was applied on a data set of 389
active molecules, acting on eight types of receptors in
order to test the applicability and predictive ability of
this new DBM procedure in medicinal chemistry.

2. Materials and methods

2.1. Compound selection

From the RBI database [36, 37], focused on receptor-
based classification and signal transduction in nervous
system, all peptides and enzymatic inhibitors were sup-
pressed, keeping only 389 molecules acting as selective
receptor agonists or antagonists. This data set was di-
vided into eight classes, according to the receptors in-
volved: (i) adenosines and purinergics; (ii) adrenergics;
(iii) histaminergics; (iv) cholinergics; (v) dopaminergics;
(vi) glutamatergics; (vii) serotonergics; and (viii)
GABAergics. As the number of purinergic molecules in
the data set is very low and as their structure is very
similar to those of the adenosines molecules, these two
classes were grouped together.

2.2. Molecular descriptors

The chemical data sets were distributed in a 205
multidimensional hyperspace derived from a selected set
of 205 different molecular descriptors. This set of 205
descriptors includes topological, physicochemical and
electronic parameters [38–40]. In virtual screening, gen-
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eral descriptors have proved a good compromise for
data mining in large databases in terms of efficiency.
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 behaviors.

Molar refractivity, molar volume, molecular weight
and van der Waals volume were used as size descrip-
tors. The shape features of the molecules were charac-
terized by Kappa shape indices, which account for the
ramification degree, the oblong character, etc. The de-
gree of branching and cyclization in the compounds
were described by 49 molecular connectivity indices
(�), whereas the number of rings, count of paths and
clusters were taken into account by 17 subgraph count
indices. Furthermore, seven information contents de-
scriptors were used as well as the Wiener index (W),
centric index (C), Balaban index (J), Gutman index
(M2), Platt number (F). A lipophilicity descriptor rep-
resented by the octanol–water partition coefficient
(log Poct/water) was calculated using the Hansch and
Leo method [41]. Another descriptor was derived from
the electronegativity of molecules (EM

S ) by the Sander-
son method [42].

Finally, the electrotopological state (E-state) indices
were considered in the computations [40]. This family
of atom-level molecular descriptors defines the electron
density at each atom or hybrid group in a molecule,
and the contribution of these electrons in the inter-
molecular interactions. The indices are computed by
combining the electronic character and the topological
environment for each atom in the molecule.

2.3. Self-organizing maps (SOM)

SOM [11], also known as Kohonen Neural Net-
works, is a non-linear mapping technique which gives
a 2D space representation of a given set of points
from a multidimensional space derived from a large
series of molecular descriptors. Each point of this set
is related to a SOM node. The co-ordinates of these
nodes are represented by the weighted connections be-
tween the input layers and SOM. Two close points of
the original data set occupy the nearest node in the
SOM layer, in terms of Euclidean distance. Hence, the
neighboring points of the original descriptor space re-
main neighbors on SOM. Training SOM consists in
rearranging the Kohonen layer nodes by gradually ad-
justing their weights. A useful option, ‘interpolation’,
allows us to convert the discrete coordinates of the

Kohonen layer nodes into continuous coordinate val-
ues, averaging the discrete coordinates of the three
nodes closest to the raw data point. A detailed de-
scription of the algorithm used in this study may be
found in Ref. [43].

The following parameters were used in data process-
ing: number of columns=10, number of rows=10,
coefficient � for bias calculations=0.01, number of it-
erations for the training phase=50 000, coefficient �

for frequency calculations=0.001, with the activation
of the interpolate option. The calculations were per-
formed using proprietary software.

2.4. Fuzzy clustering

In a Kohonen map, if a ‘natural’ regrouping of the
compounds is evident and if each cluster is well sepa-
rated from the others, a visual examination can be
sufficient to analyze the data organization. But, gener-
ally, personal subjectivity can influence the conclusions
related to the compound distribution. However, the
power of SOM method is going beyond a simple map
examination.

A hybrid system consists here in linking SOM to
another technique. It aims to build a tool that keeps
the user-friendly visual aspect of SOM and, at the
same time, offers an automatic objective map interpre-
tation. In this system, the coordinates of SOM projec-
tions of the points included in the molecular
descriptor hyperspace constitute the input of the new
classification technique. The FC approach [17, 18],
amidst several methods that can be considered [44,
45], seems to be particularly suitable to delineate clus-
ters from SOM in a rational way.

An FC algorithm, where clusters are derived from
fuzzy sets [17], can be considered as a generalization
of the traditional cluster procedures. Such clusters are
derived assigning to each compound a number be-
tween zero and one called the membership degree of
the object. A compound is defined by the degree of
membership to each cluster, while a cluster can be
characterized from the list of associated molecules
with the highest membership degrees. In the proposed
procedure, the fuzzy C-means algorithm [46] has been
designed to produce the FC of the data sets.

The fundamental role of cluster analysis is to
achieve the self-partitioning of the data and to look
for compounds in the database which can be consid-
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ered as close enough to be identified as a cluster. Each
cluster can be identified as a set of compounds close to
each other with regard to the molecular descriptors
provided. A synthetic representation can be based on a
clear separation of the clusters. Therefore, instead of
trying to inspect all the compounds in the database to
understand and analyze their chemical properties, it is
only required to select typical compounds representing
each cluster.

A detailed analysis of the FC method is beyond the
aim of this article, but more explanation can be found in
a previous paper [35]. The following parameters were
used in the data processing of the data set of 389
compounds: space dimension=2; tolerance=0.001;
number of iterations=50; threshold=0.69; number of
clusters=40.

The threshold value was selected in order to have no
more than three activities for a given cluster and to
derive a predictive model with a relevant selectivity. The
number of clusters was chosen in order to maximize the
prediction power of the model; sensibly worse prediction
scores were got with a lower number of clusters, whereas
values superior to 40 did not yield significant improving.

Calculations were performed using proprietary
software.

2.5. Genetic algorithm

To select, amidst the 205 descriptors, the best parame-
ters for separating and assessing the data set com-
pounds, a method based on genetic algorithm (GA) [47,
48] procedure was used. This technique, in fact, allows
us to decrease the number of descriptors thus increasing
the computational speed.

GA, inspired by population genetics, consists of a
population of individuals competing on ‘only the fittest
survive’ basis. Each individual, or chromosome, repre-
sents a trial solution of the problem to solve. In the
context of descriptor selection, the structure of the
chromosome is very simple. Each descriptor is coded by
a bit (0 or 1) and represents a component of the
chromosome: 0 defines the absence of the descriptor, 1
defines its presence. The algorithm proceeds in succes-
sive steps called generations. During each generation,
the population of chromosomes evolves by means of a
‘fitness’ function [49], which selects them by standard
crossover and mutation operators [50]. The crossover
phase takes two chromosomes and produces two new

individuals, by swapping segments of genetic material,
i.e. bits in this case. Within the population, mutation
removes the bits affecting a small probability.

GAs are very effective for exploratory search, applica-
ble to problems where little knowledge is available, but
they are not particularly suitable for local search. In the
latter case, they are combined to a stepwise approach in
order to reach local convergence [44]. Stepwise ap-
proaches are quick and adapted to find a solution in
‘promising’ areas already identified.

To evaluate the fitness function, a specific index was
derived by using the FC method. Furthermore, to pre-
vent over-fitting and a poor generalization, a cross
validation procedure was included in the algorithm dur-
ing the selection procedure, randomly dividing the data-
base into training and test sets. The fitness score of each
chromosome is derived from the combination of the
scores of the training and test sets.

The following parameters were used in the data pro-
cessing of the data set of 389 compounds:

(i) Fuzzy parameters — weighting coefficient=1.5,
tolerance convergence=0.01, number of iterations=
30, cluster number=10.
(ii) Genetic parameters — chromosome number=
10, chromosome size=205 (number of descriptors
used), crossover point number=1, percentage of re-
jections=0.1, percentage of crossover=0.8, percent-
age of mutation=0.05, time off (10,100), number of
generations=10, ascendant coefficient=0.02, descen-
dant coefficient= −0.02.
Calculations were performed using proprietary

software.

3. Results and discussion

The GA procedure was applied on a data set of
389 compounds, allowing to select the 17 best de-
scriptors. This set of descriptors, reported in table I,
shows a wide diversity, including molecular connec-
tivity indices, E-states relative to the heteroatoms and
hydrogen bonding, size descriptors and general de-
scriptors such as the number of chemical elements
included in a molecule.

The descriptors selected, with the help of GA,
were used to derive the Kohonen map represented
in figure 1. Four wide regions associated with
adenosine, adrenergic and glutamate receptors and
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three restricted zones pertaining to dopamine,
acetylcholine and GABA receptors can be isolated.
However, the map globally shows many regions in
which two or more activity classes are mixed. The
weak separation between the different classes evi-
dences two main aspects reported in literature [51]:
(i) the same chemical can be active on different re-
ceptors; (ii) for a given receptor, agonist and antag-
onist compounds can show opposite therapeutic
properties.

As no univocal relation between structures and
activity classes can be clearly defined by SOM, it is
necessary to develop an objective automated tool
that allows the transfer from an unsupervised clas-
sification to a supervised one. In order to get this
new classification and to take into account the mul-

tiactivity character of several compounds, a FC
model was derived from the Kohonen map.

To validate the model, the data set of 389 com-
pounds was randomly divided into a training set of
259 molecules and a test set of 130 molecules. Then,
the hybrid system SOM/FC was applied on the
training set molecules; its graphical representation is
given in figure 2. The clusters, whose values have
been determined considering the number of com-
pounds in the data set, are visualized on the SOM.
Each compound is associated with a vector of 40
components, representing the degrees of membership
of cluster number one, number two and so on.
Then, each molecule can be examined through its
coordinates in the Kohonen map and according to
its membership of the fuzzy sets defined by the clus-
ters. To express things differently, each cluster
reflects the relevance level of the Kohonen map to
separate the different properties. Homogeneous clus-
ters define regions with highly specific compounds,
whereas an increasing number of classes in a cluster
reflects a higher ambiguity in the attribution of a
compound to a given receptor type.

In order to examine the robustness of the SOM/
FC proposed model, the x/y coordinates for the test
set compounds were calculated in the same condi-
tions as for the training set compounds; then their
degrees of membership for each cluster were
derived. The results, reported in table II, were com-
pared with the experimental activities attributed to
each compound. For 81% of the test set com-
pounds, the clusters associated with the highest
membership degrees include the experimentally at-
tributed classes.

Furthermore, for several compounds, it is possible
to explain the reasons for which the predicted activ-
ities did not agree with the experimental data. For
example, compound 66 (cimetidine) and 58 (DP6,7-
ADTN) are defined in the RBI database as his-
taminergic and dopaminergic compounds,
respectively. But, in literature, these compounds are
also known [52, 53] to exhibit an adrenergic activ-
ity, in accordance with the predicted results.

The notion of belonging by FC is less precise
than usual statistics but leads to interesting results,
chiefly when considering the necessity to search for
new leads in large databases of bioactive com-
pounds. Deeper validation of such a procedure

Table I. Descriptor selection by genetic algorithm.

Descriptor Descriptor definition
symbol

xvch7 Valence chain index (molecular
connectivity index)

dxvp3 Valence difference index (molecular
connectivity index)

SsCH3 Sum of all (�CH3) E-state values in a
molecule
Sum of all (=C�) E-state values in aSdssC
molecule.

SssNH Sum of all (�NH�) E-state values in a
molecule.

SssO Sum of all (�O�) E-state values in a
molecule.

SHCHnX Hydrogen bond between SH groups and
halogeno-alkyl groups.

Gmin Minimum E-state value in molecule
SHBint2 Hydrogen bond referred to S atom
NHBint3 Hydrogen bond referred to N atom

Information index R=1−[i/log(nvx)];Redundancy
i=Information content based on atom
classes;
nvx=Number of graph vertices, hybrid
groups or non-hydrogen atoms.
Cluster and path/cluster indexchi 3c
Path indexchi 5p

NRC The number of N, O S and H atoms
connected with one another.
Molar refractivityMR
Lipophylicity coefficient (distribution inlog P
system n-octanol/water)
Electro-negativity indexMMES
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Figure 1. Kohonen SOM (10×10, interpolated map). Projection of a data set of 389 compounds extracted from the RBI database.
The 17 descriptors selected by GA computations were taken into account for the molecular diversity analysis.

would require a specific validation index. Work is
underway to fulfill this requirement. However, the
objective here was only to show that coherent and
robust results can be obtained through a hybrid sys-
tem combining SOM and fuzzy logic (FL).

4. Conclusions

At present, in combinatorial chemistry, there is a
requirement to maximize the efficiency in search for
new leads and to reduce the cost associated to synthe-
sizing and screening very large number of com-
pounds. Then, more efficient tools allowing to design
and to classify large chemical libraries with enhanced
information contents become a must. Hybrid systems,
derived from combining SOM and FL methods, con-
stitute interesting approaches to virtual screening of
chemical libraries.

In fact, these hybrid systems SOM/FL allow: (i) to
examine the molecular diversity in a chemical data-
base, giving a 2D representation of the compound
distribution in the hyperspace of molecular descrip-
tors; (ii) to build models, linking the structures of the
compounds with the biological properties to be mod-
eled and suitable to predict the activity values for new
molecules external to the training data set.

More precisely, a hybrid system SOM/FC was ap-
plied here on a data set of 389 molecules active on
CNS, representing eight classes of receptors. A large
number of molecular descriptors was tested and an
optimal reduced set was selected by a new GA proce-
dure. The SOM 2D projection show either some spe-
cific regions associated with a unique receptor type, or
many zones in which two or more activity classes are
mixed. The ability of the hybrid system to model the
eight activity classes was validated after dividing the
389 compounds into a training set and a test one,
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Figure 2. FC derived from the Kohonen SOM. The map is based on a training set including 259 compounds from the RBI database
divided into 40 clusters with a 0.69 threshold.

including 259 and 130 molecules, respectively. For
81% of the test set compounds, the experimental
activity class was predicted correctly. Furthermore,
pseudo wrong predictions can be explained, in many
cases, by a likely multiactivity behavior of the com-
pounds which could prompt to revisit and/or to en-
large some previous biological results.

More generally, this paper promotes new trends in
DBM and underlines two main points:
1. SOM, known as a projective technique, can be

considered now as a supervised classification
method, with help of FL.

2. The limitation related to binary classification
of large CNS databases [34], on a drug-like/

non-drug-like basis, is overcome with this opening
example processing eight CNS activities.

These preliminary results show that the proposed
methods SOM/FL are worth investigating more
deeply and testing with larger chemical databases.
Work is underway to apply the above DBM strategy,
based on FL, to a larger database of CNS active
compounds.
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Table II. Three most important membership degrees related to 130 test set compounds; the associated clusters, shown in figure 2,
are reported between brackets.

Compound Predicted membership degreesExperimental activity

0.64 (Cl 34) 0.04 (Cl 30)1 0.03 (Cl 19)serotonergic
0.82 (Cl 8) 0.03 (Cl 36)serotonergic 0.03 (Cl 27)2
0.19 (Cl 12) 0.19 (Cl 1)3 0.14 (Cl 3)serotonergic
0.38 (Cl 27) 0.33 (Cl 36)histaminergic 0.05 (Cl 36)4

histaminergic5 0.35 (Cl 8) 0.21 (Cl 36) 0.06 (Cl 27)
0.57 (Cl 35) 0.09 (Cl 22)glutamatergic 0.07 (Cl 5)6
0.87 (Cl 5) 0.03 (Cl 35)7 0.01 (Cl 33)glutamatergic
0.16 (Cl 27) 0.11 (Cl 36)GABAergic 0.10 (Cl 25)8

GABAergic9 0.20 (Cl 36) 0.19 (Cl 11) 0.13 (Cl 2)
0.20 (Cl 36) 0.19 (Cl 11)GABAergic 0.13 (Cl 2)10

GABAergic11 0.72 (Cl 11) 0.06 (Cl 2) 0.02 (Cl 36)
0.25 (Cl 12) 0.23 (Cl 1)12 0.17 (Cl 9)serotonergic
0.44 (Cl 28) 0.13 (Cl 27)serotonergic 0.08 (Cl 8)13
0.27 (Cl 28) 0.19 (Cl 27)14 0.07 (Cl 34)serotonergic
0.44 (Cl 28) 0.06 (Cl 16)serotonergic 0.05 (Cl 27)15
0.75 (Cl 27) 0.05 (Cl 8)16 0.02 (Cl 28)serotonergic
0.55 (Cl 36) 0.06 (Cl 2)serotonergic 0.05 (Cl 8)17
0.14 (Cl 12) 0.14 (Cl 3)18 0.11 (Cl 1)serotonergic
0.70 (Cl 35) 0.13 (Cl 5)glutamatergic 0.02 (Cl 22)19

glutamatergic20 0.33 (Cl 35) 0.13 (Cl 5) 0.09 (Cl 10)
0.14 (Cl 5) 0.08 (Cl 23)glutamatergic 0.08 (Cl 33)21
0.48 (Cl 5) 0.06 (Cl 35)22 0.06 (Cl 33)glutamatergic
0.40 (Cl 22) 0.14 (Cl 35)glutamatergic 0.08 (Cl 10)23

glutamatergic24 0.91 (Cl 35) 0.02 (Cl 5) 0.01 (Cl 22)
0.81 (Cl 21) 0.04 (Cl 9)dopaminergic 0.02 (Cl 6)25

dopaminergic26 0.34 (Cl 38) 0.3 (Cl 24) 0.07 (Cl 18)
0.29 (Cl 30) 0.25 (Cl 34) 0.09 (Cl 29)27 dopaminergic
0.55 (Cl 6) 0.06 (Cl 16)dopaminergic 0.04 (Cl 9)28
0.93 (Cl 31) 0.02 (Cl 7)29 0.01 (Cl 4)dopaminergic
0.93 (Cl 31) 0.02 (Cl 7)dopaminergic 0.01 (Cl 4)30
0.46 (Cl 12) 0.08 (Cl 1)31 0.05 (Cl 3)dopaminergic
0.39 (Cl 9) 0.23 (Cl 21)dopaminergic 0.08 (Cl 12)32
0.73 (Cl 10) 0.05 (Cl 33)33 0.04 (Cl 39)dopaminergic
0.54 (Cl 21) 0.09 (Cl 9)dopaminergic 0.08 (Cl 6)34

dopaminergic35 0.26 (Cl 15) 0.12 (Cl 14) 0.09 (Cl 9)
0.80 (Cl 16) 0.07 (Cl 6)dopaminergic 0.02 (Cl 30)36
0.34 (Cl 19) 0.12 (Cl 25)37 0.06 (Cl 27)cholinergic
0.31 (Cl 40) 0.28 (Cl 8)cholinergic 0.10 (Cl 36)38

cholinergic39 0.23 (Cl 40) 0.18 (Cl 28) 0.12 (Cl 8)
0.38 (Cl 17) 0.13 (Cl 13)cholinergic 0.07 (Cl 20)40

cholinergic41 0.31 (Cl 36) 0.29 (Cl 8) 0.06 (Cl 27)
0.29 (Cl 28) 0.11 (Cl 8)42 0.10 (Cl 27)cholinergic
0.59 (Cl 28) 0.07 (Cl 27)cholinergic 0.05 (Cl 8)43
0.46 (Cl 28) 0.12 (Cl 27)44 0.07 (Cl 8)adrenergic
0.64 (Cl 34) 0.03 (Cl 19)serotonergic 0.02 (Cl 20)45
0.73 (Cl 10) 0.04 (Cl 33)46 0.04 (Cl 39)adrenergic
0.34 (Cl 33) 0.14 (Cl 26)adrenergic 0.11 (Cl 11)47
0.56 (Cl 36) 0.06 (Cl 2)48 0.05 (Cl 5)adrenergic
0.65 (Cl 28) 0.07 (Cl 27)adrenergic 0.04 (Cl 8)49

adrenergic50 0.31 (Cl 10) 0.11 (Cl 22) 0.08 (Cl 5)
0.50(Cl 33) 0.24 (Cl 26)adrenergic 0.05 (Cl 10)51
0.28 (Cl 12) 0.16 (Cl 29)52 0.04 (Cl 9)adrenergic
0.76 (Cl 4) 0.03 (Cl 31)adenosine/purinergic 0.03 (Cl 38)53

adenosine/purinergic54 0.85 (Cl 4) 0.03 (Cl 28) 0.01 (Cl 31)
0.99 (Cl 4) 0.00 (Cl 38)adenosine/purinergic 0.00 (Cl 32)55
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Table II. (Continued)

Experimental activityCompound Predicted membership degrees

0.19 (Cl 7) 0.14 (Cl 31)56 adenosine/purinergic 0.21 (Cl 4)
0.09 (Cl 33) 0.08 (Cl 23)0.12 (Cl 5)glutamatergic57
0.02 (Cl 26) 0.01 (Cl 17)58 dopaminergic 0.91 (Cl 23)
0.09 (Cl 38) 0.02 (Cl 32)0.54 (Cl 4)59 adenosine/purinergic
0.03 (Cl 38) 0.02 (Cl 32)60 adenosine/purinergic 0.77 (Cl 4)
0.00 (Cl 38) 0.00 (Cl 32)0.99 (Cl 4)61 adenosine/purinergic
0.18 (Cl 38) 0.03 (Cl 32)62 adenosine/purinergic 0.21 (Cl 4)
0.04 (Cl 30) 0.04 (Cl 37)0.71 (Cl 34)63 serotonergic
0.17 (Cl 21) 0.09 (Cl 9)64 serotonergic 0.44 (Cl 9)
0.06 (Cl 16) 0.05 (Cl 34)0.43 (Cl 28)histaminergic65
0.14 (Cl 19) 0.08 (Cl 34)66 histaminergic 0.18 (Cl 27)
0.08 (Cl 5) 0.02 (Cl 22)0.76 (Cl 35)67 glutamatergic

0.76 (Cl 35)glutamatergic 0.06 (Cl 5) 0.03 (Cl 22)68
0.12 (Cl 19) 0.04 (Cl 39)0.47 (Cl 25)glutamatergic69
0.07 (Cl 18) 0.05 (Cl 15)70 GABAergic 0.50 (Cl 13)
0.03 (Cl 9) 0.03 (Cl 6)0.81 (Cl 21)71 GABAergic
0.06 (Cl 2) 0.02 (Cl 22)72 GABAergic 0.72 (Cl 11)
0.00 (Cl 12) 0.00 (Cl 14)0.99 (Cl 29)serotonergic73
0.13 (Cl 13) 0.07 (Cl 20)74 serotonergic 0.37 (Cl 17)
0.01 (Cl 27) 0.00(Cl 34)0.94 (Cl 28)75 serotonergic

0.98 (Cl 32)serotonergic 0.00(Cl 32) 0.00(Cl 3)76
0.14 (Cl 1) 0.02 (Cl 9)0.63 (Cl 3)77 serotonergic
0.16 (Cl 29) 0.05 (Cl 30)78 serotonergic 0.29 (Cl 12)
0.03 (Cl 6) 0.02 (Cl 30)0.83 (Cl 16)79 serotonergic

0.34 (Cl 2)glutamatergic 0.27 (Cl 11) 0.07 (Cl 39)80
0.06 (Cl 35) 0.03 (Cl 10)0.75 (Cl 5)glutamatergic81

0.41 (Cl 16)glutamatergic 0.09 (Cl 30) 0.06 (Cl 6)82
0.35 (Cl 8)glutamatergic 0.21 (Cl 36) 0.06 (Cl 27)83

0.10 (Cl 21) 0.06 (Cl 16)0.53 (Cl 6)84 glutamatergic
0.15 (Cl 33) 0.10 (Cl 26)85 glutamatergic 0.15 (Cl 5)
0.03 (Cl 8) 0.01 (Cl 27)0.87 (Cl 36)86 glutamatergic
0.09 (Cl 33) 0.07 (Cl 10)87 glutamatergic 0.39 (Cl 5)
0.15 (Cl 10) 0.06 (Cl 39)0.42 (Cl 22)glutamatergic88
0.11 (Cl 36) 0.10 (Cl 8)89 GABAergic 0.24 (Cl 27)
0.12 (Cl 30) 0.12 (Cl 28)0.15 (Cl 34)90 dopaminergic

0.49 (Cl 1)dopaminergic 0.12 (Cl 12) 0.09 (Cl 3)91
0.12 (Cl 30) 0.06 (Cl 34)0.37 (Cl 16)92 dopaminergic
0.10 (Cl 23) 0.07 (Cl 4)93 dopaminergic 0.12 (Cl 38)
0.00 (Cl 12) 0.00(Cl 9)0.98 (Cl 1)94 dopaminergic

0.42 (Cl 16)dopaminergic 0.09 (Cl 30) 0.06 (Cl6)95
0.04 (Cl 3) 0.04 (Cl 12)0.80 (Cl 1)dopaminergic96

0.96 (Cl 28)dopaminergic 0.00 (Cl 27) 0.00 (Cl 34)97
0.15 (Cl 3) 0.03 (Cl 12)98 dopaminergic 0.66 (Cl 1)
0.03 (Cl 6) 0.02 (Cl 30)0.84 (Cl 16)dopaminergic99
0.23 (Cl 21) 0.08 (Cl 12)100 dopaminergic 0.39 (Cl 9)
0.21 (Cl 20) 0.07 (Cl 13)0.3 (Cl 37)101 cholinergic
0.01 (Cl 8) 0.01 (Cl 28)102 cholinergic 0.94 (Cl 40)
0.05 (Cl 9) 0.03 (Cl 1)0.77 (Cl 12)cholinergic103
0.00 (Cl 12) 0.00 (Cl 6)104 cholinergic 0.99 (Cl 29)
0.01 (Cl 9) 0.01 (Cl 12)0.91 (Cl 6)105 cholinergic

0.39 (Cl 6)cholinergic 0.12 (Cl 21) 0.06 (Cl 16)106
0.01 (Cl 13) 0.00 (Cl 24)0.97 (Cl 17)107 cholinergic
0.02 (Cl 24) 0.01 (Cl 18)108 cholinergic 0.89 (Cl 38)
0.01 (Cl 9) 0.01 (Cl 6)0.95 (Cl 21)109 adrenergic

0.63 (Cl 28)histaminergic 0.06 (Cl 27) 0.04 (Cl 34)110
0.09 (Cl 30) 0.06 (Cl 6)0.41 (Cl 16)111 histaminergic
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Table II. (Continued)

Experimental activityCompound Predicted membership degrees

0.65 (Cl 3)112 0.05 (Cl 1)adrenergic 0.04 (Cl 32)
113 0.73 (Cl 23)adrenergic 0.12 (Cl 26) 0.02 (Cl 33)

0.15 (Cl 3) 0.13 (Cl 12)adrenergic 0.11 (Cl 1)114
0.74 (Cl 23) 0.11 (Cl 26)115 0.02 (Cl 33)adrenergic
0.96 (Cl 28) 0.00 (Cl 27)adrenergic 0.00 (Cl 8)116
0.20 (Cl 32) 0.15 (Cl 3) 0.10 (Cl 7)117 adrenergic
0.22 (Cl 32) 0.16 (Cl 3)adrenergic 0.07 (Cl 7)118

adrenergic119 0.61 (Cl 6) 0.07 (Cl 16) 0.04 (Cl 21)
adenosine/purinergic120 0.30 (Cl 19) 0.11 (Cl 20) 0.07 (Cl 37)

0.66 (Cl 19) 0.05 (Cl 25)adenosine/purinergic 0.03 (Cl 20)121
adenosine/purinergic122 0.62 (Cl 32) 0.06 (Cl 7) 0.03 (Cl 38)

0.15 (Cl 38) 0.12 (Cl 4)adenosine/purinergic 0.1 (Cl 32)123
0.76 (Cl 21) 0.04 (Cl 9)124 0.04 (Cl 6)dopaminergic
0.22 (Cl 14) 0.14 (Cl 15)adenosine/purinergic 0.07 (Cl 3)125

adenosine/purinergic126 0.30 (Cl 19) 0.11 (Cl 20) 0.07 (Cl 37)
0.65 (Cl 19) 0.05 (Cl 25)adenosine/purinergic 0.04 (Cl 20)127

adenosine/purinergic128 0.15 (Cl 38) 0.09 (Cl 4) 0.04 (Cl 18)
adenosine/purinergic129 0.79 (Cl 25) 0.04 (Cl 2) 0.04 (Cl 19)

0.91 (Cl 38) 0.02 (Cl 24)adenosine/purinergic 0.01 (Cl 23)130
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