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Introduction

Recent developments in combinatorial synthesis and in High
Throughput Screening (HTS) have given an impulse to
research in new areas of analytical chemistry [1], or have

A set of 114 olfactory molecules divided into
fruity, ethereal and camphoraceous compounds,
was submitted to an analysis by Kohonen Neural
Networks, also known as Self Organising Map
(SOM). The compounds are represented in a
hyperspace derived from their molecular descrip-
tors and SOM gives a useful projection of this
hyperspace onto a 2D map. Owing to the com-
plexity of the olfaction mechanism, evidenced by
the fact that one compound can exhibit simulta-
neously different properties, SOM alone is
unable to take into account the olfaction diver-
sity of the original 114 compounds.

Then, a Fuzzy Partition method was applied on
the Kohonen map previously developed. The
obtained results allowed delineating different
representative zones for the three odours,

expressing more closely the olfactory richness.
The ability of the Hybrid System combining SOM
and Fuzzy Partition to model the three odours
was validated by dividing the 114 compounds
into a training set and a test set, including 86
and 28 molecules, respectively. The most impor-
tant olfactory characteristics were reproduced
satisfactorily for the entire test set compounds.
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largely renewed the interest for the exploitation of large
databases of chemical compounds in pharmaceutical or
agrochemical companies. Automated data classification in
large databases with help of molecular diversity analysis has
become an indispensable tool in drug design when it comes
to: (i) searching for new leads, (ii) delineating relatively
homogeneous training sets, (iii) selecting compounds with
required physico-chemical characteristics or even biological
properties. The state of the art in olfaction prevents advances
in the pharmaceutical field related to computer aided mole-
cular design from being directly transposed into the olfac-
tion one. In fact, the absence of crystallised protein and 3D
data remains the major drawback to promote the most up-
to-date computer aided design strategies, although large fam-
ilies of olfactory receptors exist, they include about a thou-
sand subtypes [2]. The primary structures have been derived
[2–9] for 30 of them and various techniques of homology
modelling have been applied, but deriving acceptable 3D
structures often represents a lot of work, which does not pre-
vent great uncertainties in the estimated 3D geometrical
parameters.

Furthermore, the difficulty of data mining in relatively
large olfaction databases is amplified by the fact that one
compound can have different odours and its activity is usu-
ally expressed only in a qualitative way. Another source of
complexity derives from the fact that one receptor can
recognise different chemical determinants and the same
compound can be active on different receptors.

When developing automation procedures in the exploita-
tion of molecular diversity in olfaction chemical databases,
neural networks (NN) have been shown to be a powerful
pattern recognition paradigm, able to analyse various types
of data [10]. Self organising maps (SOM), also known as
Kohonen neural networks, offers new means for data min-
ing in databases related to biologically active compounds
[11,12]. The compounds of the database are represented in
a hyperspace derived from their molecular descriptors. The
purpose of SOM is to give a 2D map representation of com-
pound distribution in the original hyperspace. Compared to
other techniques like principal component analysis (PCA), it
presents the great advantage to obtain a projection in a sin-
gle map by integrating some non-linearity in the distances
between the compounds. As far as we know, analysis of the
2D map has chiefly been done with a binary partition,
searching for either a delineation of active and inactive com-
pounds or between compounds exhibiting different activity
[12]. The application of SOM is usual when processing huge
amounts of data in a high dimension space [13]. However
it can be pointed out that there is often some confusion in
the role of SOM in data processing. SOM belong to the cat-
egory of unsupervised techniques which means that they do
not allow the generation of classification models which can
be used in prediction. They suggest only a map, which is
likely to represent data distribution in the descriptor space.
It is usual to combine Kohonen maps with back propagation
neural networks [14], discriminant analysis [15] or other
supervised techniques, but these traditional tools are not
always easy to interpret. 
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The aim of the present paper is to combine SOM and a
supervised classification technique, which would be as eas-
ily interpretable as Kohonen maps. The fuzzy set theory
introduced by Zadeh in 1960 is worth investigating [16-18].
It can provide very simple and interpretable solutions to
classification problems within the context of imprecise cat-
egories. Fuzzy systems share many similar philosophies with
other intelligent computing paradigms, which greatly facili-
tates implementing adaptation. They have been widely used
in the field of process control where the idea is to convert
human expert knowledge into fuzzy rules. More recently,
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 data-
bases. Furthermore, it should be particularly adapted to
applications linked to olfaction in view of the complexity of
this phenomenon.

Materials and methods

Compound selection

A set of 114 olfactory compounds was chosen among two
sets of 281 and 99 compounds characterised by Schnabel et
al. [20], and studied by Chastrette et al. [10], in order to
develop Structure-Olfaction Relationships (SOR). This set
was selected in order to avoid the trivial situation where the
separation of different olfactory compounds would only be
due to their obvious belonging to clearly distinct chemical
classes. Furthermore, it is worth underlining that: i) the com-
pound characterisation was performed in the same experi-
mental conditions and given as threshold values; ii) these
data were successfully used by several authors in structure-
olfactory threshold relationships studies [10,21,22].

The ethereal, camphoraceous and fruity odours were
defined according to a 0 to 5 scale [20]. The structures and
their olfactory values are presented in table I. Forty-four
compounds are very fruity (scale 4 or 5), thirty-one com-
pounds are very ethereal and thirty-nine compounds are very
camphoraceous.

Molecular descriptors

The compounds were represented by their coordinates in a
61-dimensional hyperspace derived from 61 different
selected molecular descriptors. This set of 61 descriptors
includes topological [23], physico-chemical and electronic
descriptors [24]. In virtual screening, general descriptors
have proved a good compromise, from an efficiency point
of view, for data mining in large databases. 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. Molar refractivity (MR), molar vol-
ume (MV), molecular weight (MW) and van der Waals vol-
ume (VdWV) were used as size descriptors. The shape
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Table I. Set of olfactory compounds.

ID Compound Fruitya Ethereala Camphoraceousa

1 1-butanol 4 0 0  
2 1-pentanol 4 1 0  
3 2-methyl-1-butanol 4 1 0  
4 3-methyl-1-butanol 4 1 0  
5 1-hexanol 4 1 0  
6 3-methyl-1-pentanol 5 0 0  
7 5-methyl-1-hexanol 4 0 0  
8 2,2-dimethyl-1-pentanol 4 1 0  
9 2-pentanol 4 1 0  

10 2-heptanol 4 0 0  
11 2-methyl-2-hexanol 4 0 0  
12 5-methyl-2-hexanol 4 0 0  
13 2-nonanol 4 0 0  
14 3-heptanol 4 0 0  
15 3-octanol 4 0 0  
16 6-methyl-3-heptanol 4 1 0  
17 5-nonanol 5 0 0  
18 cyclopentanol 0 5 0  
19 cycloheptanol 0 4 0  
20 2,4-pentandiol 0 4 0  
21 butanal 4 0 0  
22 2,2-dimethylbutanal 0 4 0  
23 3-methyl-2-pentanone 4 0 0  
24 2-methyl-3-pentanone 0 4 0  
25 3,3-dimethyl-2-butanone 0 4 0  
26 2-heptanone 4 2 0  
27 4-heptanone 4 2 0  
28 3-methyl-2-hexanone 0 4 0  
29 4-methyl-2-hexanone 0 4 0  
30 5-methyl-2-hexanone 4 1 0  
31 2-methyl-3-hexanone 0 4 0  
32 4,4-dimethyl-2-pentanone 0 5 0  
33 2,2-dimethyl-3-pentanone 0 5 0  
34 2,4-dimethyl-3-pentanone 0 4 0  
35 2-octanone 5 0 0  
36 3-octanone 4 0 0  
37 6-methyl-2-heptanone 4 0 0  
38 5-methyl-3-heptanone 4 2 0  
39 2-methyl-4-heptanone 4 0 0  
40 3,4-dimethyl-2-hexanone 0 4 0  
41 cyclobutanone 4 0 0  
42 cyclopentanone 0 4 0  
43 3-methylcyclohexanone 0 4 0  
44 cyclononanone 0 4 0  
45 cyclodecanone 0 4 0  
46 cycloundecanone 0 4 0  
47 methylbutanoate 0 4 0  
48 ethylpropanoate 0 5 0  
49 methyl-methylpropanoate 0 4 0  
50 butyl-ethanoate 4 2 0  
51 methyl-2-methylbutanoate 0 5 0  
52 ethyl-pentanoate 0 4 0  
53 propyl-butanoate 4 1 0  
54 pentyl-ethanoate 5 0 0  
55 2-pentyl-ethanoate 0 4 0  
56 ethyl-2-methylbutanoate 0 5 0  
57 ethyl-3-methylbutanoate 0 5 0  
58 propyl-methylpropanoate 4 2 0  

Table I. (continued).

ID Compound Fruitya Ethereala Camphoraceousa

59 2-propyl-methylpropanoate 0 4 0  
60 3-methylbutyl-ethanoate 4 2 0  
61 butyl-butanoate 4 0 0  
62 ethyl-4-methylpentanoate 4 0 0  
63 2-propyl-methylbutanoate 0 4 0  
64 propyl-3-methylbutanoate 5 2 0  
65 2-butyl-methylpropanoate 0 4 0  
66 methylpropyl-methylpropanoate 4 0 0  
67 2-pentyl-butanoate 4 1 0  
68 2-heptyl-ethanoate 0 4 0  
69 2-butyl-2-methylbutanoate 0 4 0  
70 methylpropyl-2-methylbutanoate 0 4 0  
71 3-methylbutyl-methylpropanoate 4 0 0  
72 pentyl-pentanoate 5 0 0  
73 pentyl-2-methylbutanoate 4 2 0  
74 3-methyl-2-methylbutanoate 0 4 0  
75 2-ethylhexyl-ethanoate 0 4 0  
76 2,2-dimethylpropan-1-ol 0 0 4  
77 2-ethylbutan-1-ol 0 0 4  
78 2,2-dimethylbutan-1-ol 0 0 4  
79 2,3dimethylpentan-1-ol 2 0 4  
80 2-ethylhexan-1-ol 2 0 4  
81 2-methylpropan-2-ol 0 0 4  
82 2-methylbutan-2-ol 0 0 5  
83 3-methylbutan-2-ol 0 0 4  
84 2-methylpentan-2-ol 1 0 4  
85 3-methylpentan-2-ol 0 0 4  
86 4-methylpentan-2-ol 2 0 4  
87 2,3dimethylbutan-2-ol 0 0 5  
88 3,3-dimethylbutan-2-ol 0 0 5  
89 3-methylhexan-2-ol 1 0 5  
90 2,3-dimethylpentan-2-ol 0 0 4  
91 2,3-dimethylhexan-2-ol 0 0 4  
92 3,4-dimethylhexan-2-ol 0 0 4  
93 pentan-3-ol 0 0 4  
94 hexan-3-ol 0 0 4  
95 2-methylpentan-3-ol 0 0 4  
96 3-methylpentan-3-ol 0 0 5  
97 2-methylhexan-3-ol 1 0 4  
98 3-methylhexan-3-ol 0 0 4  
99 4-methylhexan-3-ol 0 0 4  

100 5-methylhexan-3-ol 0 0 4  
101 3-ethylpentan-3-ol 0 0 4  
102 2,2-dimethylpentan-3-ol 0 0 4  
103 2,3-dimethylpentan-3-ol 0 0 4  
104 2,4dimethylpentan-3-ol 0 0 4  
105 4-methylheptan-3-ol 1 0 4  
106 4-ethyl hexan-3-ol 0 0 4  
107 2,2-dimethylhexan-3-ol 1 0 4  
108 2,3-dimethylhexan-3-ol 1 0 4  
109 2,4-dimethylhexan-3-ol 0 0 4  
110 2,5-dimethylhexan-3-ol 2 0 4  
111 3,5-dimethylhexan-3-ol 0 0 4  
112 2,2,4-trimethylpentan-3-ol 0 0 4  
113 2-methylheptan-4-ol 2 0 4  
114 3-methylheptan-4-ol 2 0 4        

a The odor intensity was derived from Schnabel et al. [20]



features of the molecules were characterised by the topo-
logical indices which account for the ramification degree,
the oblong character, etc. The following molecular descrip-
tors were used: 20 molecular 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), a series of information indices

(IC0, SIC0, CIC0, IC1, SIC1,CIC1, IDW), Wiener index (W),
centric index (C), Balaban index (J), Gutman index (M2),
Platt number (F), counts of paths of lengths 1-4, counts of
vertices with 1-4 nearest neighbours. The number of N, O
and S atoms in a molecule was also considered. A lipophilic-
ity descriptor represented by the octanol/water partition
coefficient (log Poct/water) was calculated using Hansch and
Leo method [25]. Another descriptor was derived from the
electronegativity of molecules (EM

S) according to Sanderson
[26].

SOM

SOM is a non-linear mapping technique which aims to give
a 2D space representation of a given set of points from a
multidimensional space derived from a large series of mol-
ecular descriptors [15]. Each point of this set corresponds to
a node of the SOM. The co-ordinates of these nodes are rep-
resented by the weighted connections between the SOM and
the input layers. Each point of the original data set occupies
the nearest node in the SOM layer, in terms of Euclidean
distance. Hence, the neighbouring points of the original
descriptor space remain neighbours on the SOM. Training
SOM consists in rearranging the Kohonen layer nodes over
the hyperspace by gradually adjusting their weights. A use-
ful option, “interpolation”, allows converting the discrete
coordinates of the Kohonen layer nodes into continuous
coordinate values, averaging the discrete coordinates of the
three nodes closest to the raw data point. A detailed descrip-
tion of the algorithm used in this study may be found in ref-
erence [27].
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The following parameters were used in the data process-
ing, activating the interpolate option: number of
columns = 10, number of rows = 10, coefficient γ for bias
calculations = 0.01, number of iterations for the training
phase = 50000, coefficient β for frequency calcula-
tions = 0.001. The calculations were performed using the
Neural-Works II software [28].

Fuzzy partition

The generation of fuzzy rules from numerical data, in order
to classify a group of compounds, consists of two steps:
(i) partitioning a working space into fuzzy subspaces;
(ii) defining a fuzzy rule for each fuzzy subspace [29].

Working space partition 

Let us assume that the working space is a SOM space, a 2D
map represented by a square with two partitions 
{ A=A1,..., AM} and {B=B1,..., BN} for the first and the sec-
ond axis, respectively (Fig. 1). M, N are the number of fuzzy
subspaces and M × N is the number of fuzzy rules gener-
ated. If the coordinates of a generic compound C, in the
SOM space, are (x, y), a fuzzy rule is represented as fol-
lows:

if x is associated to Ai and y is associated to Bj ⇒ C 
has a defined property Z,  (1)

with i = 1, M and j = 1, N.

To reduce the dependency of the compound classification
on the choice of a partition with fuzzy functions, a fuzzy
classification method has been proposed [30] that simulta-
neously uses several fuzzy partitions of different sizes in a
single fuzzy rule based classification system. A coarse par-
tition (for instance M = 2 and N = 2) leads to a generalist
system but also to a system where results are too approxi-
mate. A fine partition (for instance M = 10 and N = 10) leads

Figure 1. Working space partition of
SOM. The space is divided, by fuzzy
rules, into decision areas able to
discriminate the compound activi-
ties. The membership functions µµ,
for each compound, give a value
included in the interval [0,1] repre-
senting the possibility for a com-
pound to be associated to the
considered activity.



to a precise system of classification but also to a non-
generalist system: performances in classification are weak
when patterns are unknown. Using several fuzzy partitions
simultaneously allows obtaining a compromise between a
generalist system, i.e. a coarse partition, and a specialist sys-
tem, i.e. a fine partition. Then, the relation (1) becomes:

if x is associated to Ai,k and y is associated to Bj,k ⇒ C
has a defined property Z, (2)

with i = 1, M; j = 1, N; k = 2, L, where k represents the
amount of fuzzy subspaces according to the partition along
the axes.

Procedure of fuzzy rules generation 

In a database containing m = m1 + m2 training set com-
pounds that belong to an active class CLASS(1) and a non
active class CLASS(2), the classification problem is to gen-
erate fuzzy rules that divide the pattern space into decision
areas adapted to discriminate the compound activities. Given
a compound C and a subspace (i,j,k), a rule Ri, j,k is expressed
as:

if x(C) is associated to Ai,k

and y(C) is associated to Bj,k ⇒ C(x,y) 
is associated to CLASS(n) with CFi,j,k(n) (3)

where CFi, j,k(n) represents the certainty grade of the fuzzy
rule with n = 1, 2.

Instead of considering a compound assigned to a class
with a certain CF, it is better to get its scores in both classes.
In this procedure, all the training compounds from each class
are put together to determine, for each subspace (i,j,k), a
score CFS(n) according to:

(4)CFS n = µik xni ⋅ µik yniΣ
i = 1

M
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where µ(x) is the membership functionwhich associates any
point x with a value included in the interval [0,1]. This value
represents the possibility for a compound to belong to the
considered set.

Then, at the end of the training phase, each subspace is
associated with a certainty grade for each class, calculated
as:

(5)

Classification procedure of the test set compounds

Each compound score is derived by combining the com-
pound location in the fuzzy partitioned map and the certainty
grade CFijk(n) defined during the training phase. To take into
account the real position (x0,y0) of the test set compound, the
following expression is used to calculate the score in each
class:

Score (CLASS(n)) = max {µik(x0) · µjk(y0) · CFi, j,k(n)} (6)

with i = 1, M, j = 1, N and k = 2, L.

In this work, for the series of 114 olfactory compounds,
the generation of fuzzy rules was made using k = {3,4,5},
each map consisting of 441 points, 21 per axis. Calculations
were performed using proprietary software.

Results and discussion

A Kohonen map for the 114 olfactory compounds is shown
in figure 2. No special relation between structures and odors
was evidenced by using a multi-parametric base with 
61 descriptors. It under-lines the difficulty to express the

CF n = CFS n / CFijk nΣ
k = 2

L

Figure 2. Kohonen map (10 × 10, interpo-
lated map). Projection of the data set of
114 olfactory compounds. All molecular
descriptors were taken into account.



diversity of possible notes related to some structure-activity
relationships. The weak separations between fruity, ethereal
and camphoraceous compounds show the importance of the
notion of multi-odours and the complexity of the olfaction

biochemical mechanism. Fuzzy logic can help to express
this olfactory richness because it allows, for each compound,
to define a score, or membership degree, for the three
odours.
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 K = 4K = 3 K = 5

Figure 3. Fuzzy partition of fruity compounds derived from the Kohonen SOM. Three different partitions, corresponding to K = 3,
4 and 5, were used, generating 9, 16 and 25 subspaces, respectively.

K = 3 K = 4 K = 5

Figure 4. Fuzzy partition of ethereal compounds derived from the Kohonen SOM.

K = 3 K = 4 K = 5

Figure 5. Fuzzy partition of camphoraceous compounds derived from the Kohonen SOM.



Figures 3, 4 and 5 show the fuzzy method scores for the
fruity, ethereal and camphoraceous compounds, respectively.
Increasing k values lead to more accurate compound parti-
tions. Figure 3 shows that the fruity compounds occupy the
central region of the map and the lower part of the right
handside corner. Figure 4 illustrates that the greatest part of
the ethereal compounds are grouped in the upper part of the
left hand side corner, whereas only a small score is present
in the middle of the map. Finally, the camphoraceous com-
pounds are concentrated above all in the extremities of the
map (see Fig. 5), with the most important regions located in
the upper part of the right hand side corner and in the lower
part of the left corner, whereas only a very little score
appears in the centre of the map.

These results show that a natural regrouping of the com-
pounds was obtained by the procedure used, allowing define
different representative zones of the map for the three olfac-
tory properties. In fact, only for k = 3 and 4, it is possible
to observe, in the middle of the map at the left handside, a
unique weak superposition between fruity and camphora-
ceous regions. For the most accurate compound partition,
k = 5, no superposition between the different olfactory zones
can be evidenced.

Validation

In order to validate the combination of SOM and Fuzzy
Partition to model the three odours, 86 compounds were ran-
domly chosen to define the training set and the remaining
28 compounds were included in the test set. After deriving
SOM for the training set, the test set compounds were pro-
jected into the map and their xy coordinates were calculated.
These coordinates were used as input in the Fuzzy
Partitioned map and their membership degree was deter-
mined for each odour. The comparison between predicted
and actual values for the test set compounds is reported in
table II. The predicted values, represented by the member-
ship degrees, are defined within a 0 to 1 range.

It must be noted that the profile of the selected raw data,
based on the score on the Schnabel’s scale, is strong only
for one odour. There is a weak contribution with a score 1
or 2 for one third of these compounds relatively to the sec-
ond odour, whereas the third odour equals zero for all of
them. It is possible to observe that for most compounds of
this test set the odour profile were predicted correctly.
Nevertheless one exception is noticed for compound 60, the
prevalent fruity score in the raw data is predicted as the sec-
ond one. Furthermore, for compounds 53, 57, 62, 63, 97,a
degree of contribution of the second odour at the level of
the first one is predicted, instead of being weaker or negli-
gible.

Four other divisions of the data set in training and test
sets were tested, any of them including 86 and 28 com-
pounds in the two sets, respectively. A prediction power of
81 %, in average, was got.
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Conclusion

Olfaction is one of the most complex biological properties
to be processed, due to four different characteristic points of
this biological field: (i) a huge number of receptors is
involved in olfaction, (ii) knowledge related to the 3D struc-
ture of these receptors is still missing, (iii) different types of
chemical compounds can affect the same receptor, (iv) one
compound can exhibit simultaneously different odors, (v)
one receptor can be triggered by more than one odourant. 

For data mining in an olfaction data base, it is important
to have more powerful methods than classical projection
techniques like principal component analysis (PCA) or even
more recent techniques like SOM. In fact, in this study, a
Kohonen map built from a multi-parametric base with 
61 molecular descriptors is not sufficient to derive a satis-
factory relation between structures and odours. It does not

Table II. Comparison between predicted and actual val-
ues for the test set compounds.

ID Fruity Ethereal Camph. Fruity Ethereal Camph.

Predicted scores Actual scores  

2 0.34 0.08 0.00 4 1 0  
4 0.31 0.08 0.16 4 1 0  
7 0.34 0.01 0.00 4 0 0

13 0.53 0.00 0.07 4 0 0
26 0.58 0.17 0.00 4 2 0
35 0.58 0.17 0.00 5 0 0
38 0.76 0.00 0.22 4 2 0
53 0.23 0.22 0.00 4 1 0
60 0.18 0.42 0.00 4 2 0
62 0.54 0.39 0.00 4 0 0
28 0.15 0.62 0.00 0 4 0
29 0.15 0.62 0.00 0 4 0
33 0.03 0.54 0.10 0 5 0
44 0.00 0.86 0.00 0 4 0
46 0.00 0.88 0.00 0 4 0
48 0.03 0.44 0.00 0 5 0
56 0.20 0.41 0.00 0 5 0
57 0.16 0.28 0.00 0 5 0
63 0.22 0.27 0.00 0 4 0
78 0.00 0.00 0.52 0 0 4
82 0.03 0.01 0.89 0 0 5
87 0.00 0.00 0.54 0 0 5
90 0.00 0.00 0.75 0 0 4
97 0.19 0.02 0.20 1 0 4

102 0.02 0.00 0.76 0 0 4
105 0.15 0.00 0.30 1 0 4
107 0.03 0.00 0.47 1 0 4
113 0.29 0.00 0.57 2 0 4



allow illustrating the diversity in the olfaction characteristics
of the series based on 114 compounds and the ability for a
same compound to exhibit different odours. Despite the
interest of SOM in data mining it is chiefly suitable for
binary decisions such as active or inactive, and is of limited
applicability when multi-property are taken into account.

The Fuzzy Partition method helps to express this olfac-
tory richness because it permits, for each compound, to
define a membership degree for the three involved odours.
It consists of dividing a map into fuzzy subspaces and
assigning a fuzzy rule to each of them. The obtained results
showed that for most part, the fruity, ethereal and cam-
phoraceous compounds, despite the overlapping, occupy dif-
ferent regions of the map, allowing delineating different rep-
resentative zones for the three odours. Ability of the
combination of SOM/Fuzzy Partition to model the three
odours was validated by dividing the 114 compound series
into a training set and a test one, including 86 and 28 mol-
ecules, respectively. For all the test set compounds, except
one, the most important odour was correctly predicted and,
for many molecules, the different olfactory notes were repro-
duced satisfactorily by their membership degrees. 

From a methodological point of view, the fundamental
potentiality of Fuzzy Partition is to go beyond active/inac-
tive limitation, by introducing continuity, and to express
multi-property for the same compound. It is a requisite in
olfaction but worth also to be developed in medicinal chem-
istry when not only one biological activity is considered but
also potential secondary effects or various toxicities dealing
with people or environment.

These preliminary results show that the proposed meth-
ods are worth investigating more deeply and testing with a
large chemical database. Work is underway to exploit a large
database of 3000 compounds with 80 olfactory properties.
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