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Models of the relationships between structure and musk odour of tetralin and indan compounds were
elaborated with a multilayer neural network using the back-propagation algorithm. The neural network was
used to classify the compounds studied into two categories (musk or non-musk). The cross-validation procedure
was used to assess the predictive power of the network. Each molecule was described by eight global
parameters: five steric and three electronic descriptors. The neural network’s results were successfully compared
to those given by the k-Nearest Neighbours and the Bayesean methods, both in the classification and prediction
tests. The contribution of each descriptor to the structure-odour relationships was evaluated. Three out of the
eight descriptors were thus found to be the most relevant in the molecular description for the prediction of musk
odour. This research points out that neural networks are likely to become a useful technique for structure-odour

relationships.

Musk was extracted from animals for many decades but using
natural products on an industrial scale proved limited and
researchers thus started to get interested in synthetic musk.
The first synthetic musk was obtained by Bauer.! Since then,
the impressive number of theoretical and experimental studies
devoted to the making of new synthetic musk products has
shown their growing importance in perfumery.

The study of relationships between molecular structures
and odour has hastened the development of new musk com-
pounds. A certain number of computational techniques have
been found useful for the establishment of these relationships.
A relatively recent technique and one that shows considerable
promise is that of Neural Networks (NNs).?> NNs have
arisen from the fascination of mankind for the understanding
and emulating the human brain’s ability to solve various
problems such as pattern and character recognition. There has
been great interest in applying the NN approach to chemical
problems.*~° However, NN applications to structure-odour
relationships are quite sparse.!®~'* More recently, structure-
musk odour relationships!!'!? have been established by means
of NNs on a sample of carbonyl tetralins and indans. Each
molecule was described by steric and electronic descriptors,
coding substituents on a common skeleton. It was shown that it
is possible to model the relationships between the molecular
structure and the musk odour of the compounds studied.
However, coding molecular structure from the substituents
only can raise certain problems in the establishment of
Structure-Activity Relationships (SAR): (i) As the number of
substituents increases, so does the number of descriptors. As a
consequence, a lot of data are needed to model the SAR,
which cannot always be obtained. (ij) The common skeleton’s
role is not taken into account in the SAR. The results
obtained may thus not be satisfactory. (iiij) Some descriptors’
values of uncommon substituents cannot always be found in
the literature. The size of the database is therefore reduced.

The goal of the current work is: (i) to provide an applica-
tion of NNs to the structure-musk odour relationships of a set
of 85 tetralins and indans, using global molecular properties,
which were revealed to be important in the recognition of
odorants by olfactory systems,'° (i) to call attention to the
interest of these properties for the molecular structure descrip-
tion, (iii) to compare the results obtained by the NNs to those
of the k-Nearest Neighbours (kNN) and Bayes methods, and
(iv) to measure the contribution of each descriptor to
structure-musk odour relationships.

Methods
Compounds studied

A series of 32 indans and 53 tetralins (see Fig. 1 and Table 1)
were taken under consideration. The set of tetralins consisted
of 35 musks and 18 non-musks and that of indans consisted of
16 musks and 16 non-musks. The structures and olfactory
properties of these compounds were  described
previously!%:11:15:16 and are listed in Table 1. The odour is
coded M if the molecule is musk and NM if otherwise. The
information about odour intensities was not precise enough to
be taken into account.
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Fig. 1 General formula of tetralin and indan compounds. R,
R,—-R;: are alkyl, alkoxy, halogen, O, etc. For * carbon see Table 1
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Table 1 Structures and musk odour of indan (I) and tetralin (T) compounds (M for musk compounds and NM for non-musk compounds)

Compound R! R2 R3 R* R® R® R’ Odour
11 CHO Me H Me Me Me H M
12 Ac Me H Me Me Me H M
13 Ac Et H Me Me Me H M
14 C(O)Et Me H Me Me Me H M
15 Ac Et H H Me Me H M
16 C(O)Et Me H H Me Me H M
17 Ac H H H Me Me H NM
18 Ac Pri H H Me Me H NM
19 Ac Et H Et Me Me H M
110 Ac Me H H Me Me H M
111 Ac Me H Et Me Me H M
112 Ac H H Me Me Me H M
113 Ac Me H Me Me H H M
114 Me Me H Me Me Me Ac M
115 CN Me H Me Me Me H M
116 Ac Me H Me Pr H H M
117 CHO Me H Me Pri H H M
118 Ac Me H Et Pri H H M
119 Ac Et H Et Pr H H NM
120 Me Ac H H Pr Me H NM
121 Me Ac H H Buf Me H NM
122 Me Ac H H Hex! Me H NM
1234 Bt! H H H O — H NM
124¢ Ac H Bt H H H H NM
125 H Bt' H H O — H NM
126 H H H H H H Ac NM
127 Ac H H H H H H NM
128 H Ac H H H H H NM
129 H Bt' H H H H CO,H NM
130 H H H H H H CO,H NM
131 Me Ac H H Me H H NM
132° Bt' H Et — Me Me H NM
T1 CHO H H Me H H H NM
T2 CHO Me H Me H H H M
T3 CHO Et H Me H H H M
T4 CHO Pr H Me H H H M
T5 CHO OMe H Me H H H NM
T6 CHO H OMe Me H H H NM
T7 CHO Me H Me H H Me M
T8 CHO H Me Me H H Me NM
T9 CHO Me Me Me H H H M
T10 CHO Me H Me H H OMe M
T11 CHO Et H Me H H OMe M
Ti12 CHO H Me Me H H OMe M
T13 CHO Me Mecy Me H H H M
T14 CHO Me Me Me H H Me NM
T15 CHO Me Me Me H H OMe M
Ti6 CHO Me H Me Me H H M
T17 CHO Me H Me Me H Me M
T18 CHO Me H Me H Me Me M
T19 CHO Me H Me Me Me H M
T20 CHO Me H Me Me Me H M
T21 CHO Me H Me Mecy H H M
T22 Ac Me H Me H H H M
T23 Ac Et H Me H H H M
T24 Ac Pr H Me H H H NM
T25 Ac OMe H Me H H H NM
T26 Ac F H Me H H H NM
T27 Ac Cl H Me H H H NM
T28 Ac CN H Me H H H NM
T30 Ac CO,Me H Me H H H NM
T31 Ac CH,OMe H Me H H H NM
T32 Ac OH H Me H H H NM
T33 C(O)Et Me H Me H H H M
T34 C(O)Et Et H Me H H H M
T35 C(O)Et Pr H Me H H H NM
T36 C(O)Pr! Et H Me H H H NM
T37 Ac H H Me Me H H M
T38 Ac Me H Me Me H H M
T39 Ac Me H Me Et H H M
T40 Ac Me Mecy Me H H H M
T41 Ac P H Me Me H H NM
T42 Ac Me H Me Mecy H H M
T43 Ac Me H Me Me Me H M
T44 Ac Et H Me Me H H M
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Table 1 (Continued)

Compound R! R2 R3
T45 CHO Me H
T46 CN Me H
T47 CN Et H
T48 CN Me H
T49 CN Et H
T50 Ac Me H
T51 H H H
T52¢ Bt! H Ac
T53¢ Pr Me Ac

R* R’ R® R’ Odour
Me H H OH M

Me H H OMe M

Me H H OMe M

Me H H H M

Me H H H M

Et H H H M

Me (e) H H NM

H H H H M

H H H H M

Me, Et, Pr, Pri, Hex!, Bt', Ac, Mecy and O stand for methyl, ethyl, n-propyl, isopropyl, isobutyl, isohexyl, tert-butyl, acetyl, cyclic —CH,—90
group and =O. * The carbon * (see Fig. 1) is substituted by two H. * Double bond between the carbon * and the carbon formerly substituted by
R*; the carbon * is only substituted by H. ¢ The carbon substituted by R* is also substituted by H instead of Me.

Molecular descriptors used

Structure-musk odour relationships have already been studied
using both empirical and theoretical methods. Several
papers!1:12:17-20 have thus shown that the musk odour might
be closely related to the size, shape, functionality and/or
hydrophobicity of a molecule. These four factors can be
described by the molecular surface (srf), the molecular volume
(vilm), the ovality (o) of the molecule, the molecular weight
(mw), the number of carbon atoms (nc), the dipole moment
(dp), the square root of the mean of squared charges on
oxygen atoms (qo) and the highest occupied molecular orbital
(HOMO). We based this choice on the conclusions of recent
studies.!*21-22 Zakarya et al.'* stressed the importance of
these parameters for the prediction of sandalwood odour.
Cense et al.>! and Bodor and Huang?? showed that the com-
pounds’ hydrophobic properties depend on srf, o, dp, qo, nc
and mw.

The geometries of the molecules were first designed using
HyperChem.2? They were then fully optimised using the AM1
Hamiltonian?* with AMPAC on a Silicon Graphics work-
station.

Geometric parameters were computed by numerical inte-
gration techniques similar to those described by Gavezzotti.?®
To determine the volume, the molecule was immersed in a
regular three-dimensional grid bounded by the three-
dimensional extent of the molecule and every grid point was
tested for inclusion into any atom of the molecule. The grid
spacing was 0.1 A. The molecular surface was calculated from
a regular grid of points disposed on the surface of each atom:
4,558 points were used for hydrogen atoms and 10,270 points
were used for other atoms. The ovality estimation was that
given by Bodor:2%

o = srf/(4nK)
K = (3vim/4m)?3

(1a)
(1b)

The dipole moment, charge, molecular weight, HOMO and
number of carbon atoms were directly read from the AMPAC
output.

Neural network (NN)

The NN (see Fig. 2) trained by the back-propagation (BP) of
errors® had the following architecture: the input layer consist-
ed of nine neurons, eight of which represented the eight molec-
ular descriptors and the last neuron represented a bias. The
output layer consisted of one neuron, namely the olfactorial
activity. The NN had a feedforward layered structure with
connections allowed only between adjacent layers. The musk
odour represented by the output of the NN was coded 0.9 if
the molecule was musk and 0.1 otherwise. Input data were
normalised between 0.1 and 0.9.

The sigmoidal transfer function used in the NN is given by
0;=[1 + exp(—ZW;;0)]"! @

where O; and O; are the outputs of neuron i and j, respec-
tively, and W; is the weight connecting neuron i to neuron j.

The weights of connections between the neurons were ini-
tially assigned with random values uniformly distributed
between —0.5 and +0.5 and no momentum was added. The
BP algorithm was used to adjust these weights. The learning
rate was initially set to 1 and was gradually decreased until
the error function could no longer be minimised.

k-Nearest Neighbours (KNN)

The kNN method?” is one of the most widely used classi-
fication techniques. In this method, the distance (usually
Euclidean) between the pattern vector of an unknown com-
pound and each of the pattern vectors of the training set is
first computed. The k nearest neighbours to the unknown
compound are then selected and the latter is classified as
belonging to the class of the majority of the k nearest neigh-
bours in the training set. In this paper, we used k = 1 and the
Euclidean distance between pattern vectors.

Bayes method

In the Bayesian approach,?” the decision rule assigns the
observation vector x (x € R") to the class having the highest

Bias

srf

vim

nc

mw

Output Layer

Hidden Layer

Input Layer

Fig. 2 Three-layer Neural Network. The architecture shown is 8-4-1.
The bias unit is not considered in the unit count
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a posteriori probability p(C;/x) among all the classes C;:
P(Ci/x) = p(C) - f(x/C)

p(C,) are a priori probabilities and are known or fixed in
advance and f(x/C;) is the conditional density function. It is
assigned to each class and is assumed to be Gaussian:

exp[—(1/2)(x — ) 3o " (x — )]
2m)"2 | Yl

p; and Y; are respectively the mean vector and the covariance
matrix of the elements of each class C; in the learning set.

In this paper, p(cmusk) = p(Cnon-musk) = 1/2

All calculations using the NN, kNN and Bayes methods
were carried out on an 166 MHz Pentium computer using our
programs written in C language.

J(x/C) =

@

Results and Discussion

Three studies were achieved: classification, estimation of the
prediction error and the descriptors’ contribution. Classi-
fication consists in using a trained NN to recognise the odour
of molecules present in the training data set, whereas estima-
tion of the prediction error corresponds to the use of an NN
to predict the odour of molecules not included in the training
set. The third objective of this work is an evaluation of the
importance of molecular descriptors in the establishment of
structure-musk odour relationships.

Classification

It is well-known that the performance of an NN depends on
many variables, including the molecular descriptors, the
number of hidden neurons and the degree of homology
between the training and the test sets. In order to determine
the optimum number of hidden neurons and to make sure
that the eight descriptors retained were adequate, several
training sessions were carried out with different numbers of
neurons in the hidden layer. The configuration of the six NNs
was 8-x-1, where x (x =4-9) represented the number of
hidden neurons. After the training phase, the classification
ability of the NN was applied to the same 85 compounds. All
compounds were correctly recognised in less than 1,000 iter-
ations with the six architectures tested. The Bayes method was
applied to the same data set and the same eight molecular
descriptors and gave a classification rate of 91.8%. This pre-
liminary study enabled us to conclude that all the NN archi-
tectures were able to establish a satisfactory relationship
between the molecular descriptors and the musk odour.

Estimation of the prediction error

One of the most important attributes of NN is their ability to
generalise, that is their ability to make reliable predictions on
new data with an accuracy similar to that obtained with the
training set. After determining the range of hidden neurons
giving a good classification, we turned to the most important
aspect of NNs: their predictive ability. The cross-validation
method was used to estimate which NN architecture would be
best suited for a given data set of 85 compounds, or which
NN would result in a classifier having the lowest prediction
error. Each 8-x-1 network was trained N times. After each
training with N — 1 objects, always leaving out a different
object, a different classifier was obtained and this classifier was
tested with the remaining object, whether the classification
was correct or not. The NN architecture (8-6-1 in this case)
yielding the smallest estimated prediction errors was selected
for building the final classifier model. The cross-validation
method was also used in the case of the kNN and Bayes
methods.
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Among all the NN architectures, the best one is 8-6-1. The
estimation of the prediction error of the 8-6-1 model is 91.8%.
The incorrectly classified molecules correspond to molecules
132, T6, T8, T14, T24 and T25 for the non-musk compounds
and to molecule T45 for the musk compounds. The results are
satisfying and show once again that the eight molecular
descriptors are particularly relevant. The NN has a superior
performance to those of the kNN (k = 1, 88.2%) and Bayes
methods (89.4%). This does not mean that the NN is a poly-
nomial model but that it is able to extract information from
examples in order to develop an internal representation of the
musk odour without explicitly incorporating rules into the
network. As to the kNN method, increasing the number of
neighbours (k) does not improve the results.

Contribution of descriptors to the classification ability

The evaluation of the relevance of the descriptors proved
quite interesting and useful. This is why we chose to estimate
their relative contribution in two different ways.

(i) The contribution of descriptor i (i = 1-8) was estimated
from the trained 8-6-1 configuration network. The descriptor
under study was removed from the 8-6-1 NN together with its
corresponding weights. Then the network (7-6-1) calculated
the output of each molecule as usual. The mean of the devi-
ations’ absolute values Am; between the observed musk odour
(0 or 1) and the estimated odour for all compounds was calcu-
lated. This process was reiterated for each descriptor. Finally,
the contribution (C;) of descriptor i is given by:

8
C, =100 - Am, / Y Am, Q)
i=1

(ii) The contribution of each descriptor to the classification
ability was measured thanks to Chastrette et al’s third
method.!?

Table 2 shows that these two methods give the same results.
These results also indicate that the relative importance
of the descriptors varied in the following order:
nc > vlm > dp > mw > qo = stf > 0 > HOMO. In order to
assess their importance, the first three descriptors (nc, vim and
dp) were used in a 3-9-1 NN. Nine hidden neurons were
chosen so as to maintain p [p = (number of data points in the
training set)/(number of adjustable weights controlled by the
network)] between 1 and 2.2, as recommended by Andrea and
Kalayeh.?® The cross-validation results obtained (86% with
800 epochs) show the relevance of these three descriptors.

Conclusion

We have shown the applicability of the NN approach to musk
odour classification of tetralin and indan compounds, using
global molecular properties. The performances of the NNs
were compared with those of the kNN and Bayes methods
and proved to be better. The contribution of the descriptors to

Table 2 Contributons (C;) of steric and electronic descriptors to the
classification

Descriptor Ci (%) Ci® (%)
nc 20.8 20.6
vlm 19.3 19.4
dp 17.8 18.5
mw 114 11.3
qo 8.6 8.5
srf 8.6 8.5
0 8.1 8.1
HOMO 5.5 5.2

“ Given by the first method [eq. (5)] described in the text. ® Given by
the second method!! described in the text.




structure-musk odour relationships was evaluated, leading to
a classification of the descriptors used according to their
importance. This provides supplementary information to
understand olfaction mechanisms.

The results obtained confirm the findings of the previous
study according to which musk odour is related to steric, elec-
tronic and hydrophobic effects. The NN approach would
seem to have great potential for determining structure—odour
relationships.
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