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Use of the descriptor fingerprints to clustering of chemical datasets
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A novel approach in the area of chemoinformatics, the use of descriptor fingerprints has been applied to the problem
of clustering of chemical databases. This approach coupled with the clustering method of Butina (originally created for
structural fingerprints) was tested with a set of 96 biodiesel fuels. The influence of the threshold values from 0.0 to 1.0
of the Tanimoto index on the clustering results was studied. The results show a good discrimination power of the
method, biodiesels of the same oils fall in one the same clusters. It was also shown that similar cetane number (CN)
values of biodiesels within the statistical accuracy fall in the same cluster.
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INTRODUCTION

There are many methods developed in the field
of chemoinformatics, such as neuronal networks,
partial least square (PLS), multivariable regression,
discriminant analysis etc. They have their advan-
tages and drawbacks. For a year we have develop-
ping a novel approach - descriptor fingerprints
devised by one of the authors (IB) [1-3], toward the
similarity of different chemical and/or non-
chemical materials. Its potentials have been demon-
strated with the creation of a server on the net for
allergen and non allergen food proteins compared
with servers based on the traditional chemo-
informatics methods [2]. Hence, the purpose of this
work is to study the influence of the threshold value
on the results from similarity clustering with
descriptor fingerprints.

The basic idea of descriptor fingerprints comes
from the well known structural fingerprints [4-6].
Both structural and descriptor fingerprints are
defined either as a character or binary string of Os
and 1s.

In the case of structural fingerprint an array of
structural fragments is juxtaposed to the fingerprint
array, each element of the former corresponding to
the element of the latter being at the same location.
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The general scheme is shown on Fig. 1.
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Fig. 1. Fingerprint generation of chemical structures.

The program automatically determines these
minimum and maximum values for each descriptor
from all the descriptors in the set. A precision
(resolution) - resValue of each descriptor is user
defined. Hence, for each real value descriptor its
interval is divided into N=(initValue-endValue)/
resValue discrete sub-intervals. Some descriptor
could be binary, e.g. the presence or absence of a
property. They are encoded by one interval. Thus,
the formation of the fingerprint from all its
descriptors is carried out by concatenation of all
their sub-intervals. In case a descriptor real value
falls in an interval a 1 is put in the corresponding
position of the fingerprint array, the other elements
corresponding to the descriptor remaining 0s. The
formation of a descriptor fingerprint is illustrated in
Fig. 2.
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Fig. 2. Formation of a descriptor fingerprint.

The similarity search of two objects (chemical
structures, materials, etc.) is carried out by compa-
ring their fingerprints using any similarity measure
[7,8]. In this work the Tanimoto measure has been
employed to this end. It has the following form:

T=Nc/(Na+Ng-Nc). (1)

Here, N, is the number of elements having value
1 in the first fingerprint A, Ng is the number of
elements having value 1 in the second fingerprint
B, and N¢ is the number of the common elements
(being in the same position in both fingerprints)
having value 1. This index has real values between
0.0 and 1.0. The higher is the value the more
similar are the two objects.

CLUSTERING OF SETS OF OBJECTS

Clustering of set of objects is based on the
cluster analysis. Here is a definition from
Wikipedia [9]:

“Cluster analysis or clustering is the task of
grouping a set of objects in such a way that objects
in the same group (called a cluster) are more
similar (in some sense or another) to each other
than to those in other groups (clusters). It is a main
task of exploratory data mining, and a common
technique for statistical data analysis, used in many
fields, including machine learning, pattern
recognition, image analysis, information retrieval,
and bioinformatics. ”

There are several algorithms for clustering of
different sets of objects. Some of them are the
connectivity based, distance measure based, other
are centroid based approaches. Here we use the
clustering algorithm of Butina [10]. It consists of
the following procedures:

@ First, the Tanimoto index is calculated pairwise
for all the objects in the set within the given
threshold value (the smallest Tanimoto value
accepted for a pair).
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@ Second, the objects are sorted according to the
number of their neighbours, i.e. forming from
most to less numerous pairs within the given
threshold value, i.e., with Tanimoto value
between the threshold value and 1.0.

@ Further, another pass of pairwise fingerprint
Tanimoto calculation is carried out, starting
from the first pair of the sorted set. All its
neighbours form the first cluster and are
subsequently flagged as “used”. Then, follows
the same procedure with the second unused
object, applied to the remaining unused
fingerprints only, and the second cluster is
formed, then the next clusters are formed in the
same way. A last cluster is formed from the
objects having 1 neighbour only.

€ An additional procedure of automatic perception
of the threshold value (TV) was developed by
us. An extra preliminary pairwise Tanimoto
calculation of the data set with a subsequent
ranking of the pairs was carried out. Further a
procedure scan the names of the ranked pairs
and finds out at what value the Tanimoto index
produces false result. This value increase by
0.00001 is taken for a threshold value (TVauto).

APPLICATION, RESULTS AND DISCUSSION

We applied this clustering approach to a set of

96 biodiesel fuels of several vegetable oils:
sunflower (SF), soya beans (SB), corn (CR), rape
seed (RS), peanut (PN), palm (PM) and some
mixed cases (MIX). They have been selected from
different feed stocks (with different composition
and properties respectively). In as much as the
biodiesel fuel is a mixture of fatty acid methyl
esters (FAME) its properties depend on the
chemical structure of the individual FAME and
their contents (FAME profile) [11-14]. Hence, the
descriptor fingerprint method has been based on
their gas chromatographic FAME profiles [15-19].
To the aim some available literature data on FAME
profiles of biodiesels from several types of oils
were used [11,14,20-22].
Our method of descriptor fingerprint clustering was
applied to a set of different biodiesel fuels in order
to derive a new alignment for them into some
groups (clusters).

In this paper we study the influence of the
threshold value (TV) on the clustering. The results
are provided in Table 1.

One can see from Table 1, that the best
clustering is with threshold value TV=0.7. Thus, it
is seen that a perfect discrimination leading to
separation of the different biodiesels, say, all sun-
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Table 1. Results of the biodiesel oils clustering.
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Table 2. Statistical data concerning cetane number of biodiesel fuels for the highest Tanimoto index values.

Standard Confidence
Cluster N class CN Mean deviation level (95%)
T=1
1 14 SF 48.695 48.508 0.166 0.413
1 17 SF 48.453
1 21 SF 48.377
2 61 SB 49.260 49.020 0.340 3.056
2 67 SB 48.779
3 6 SF 47.758 47.884 0.177 1.595
3 7 SF 48.009
T=0.9
1 14 SF 48.695 48.467 0.182 0.226
1 15 SF 48.584
1 16 SF 48.224
1 17 SF 48.453
1 21 SF 45.377
2 61 SB 49.260
2 67 SB 48.779 48.774 0.489 1.214
2 76 SB 48.283
3 5 SF 48.191
3 6 SF 47.758 47.986 0.217 0.540
3 7 SF 48.009

flower biodiesels in one cluster, all soy bean
biodiesels in another etc., is not achieved. We have
two clusters of sunflower biodiesels, two clusters of
soy bean biodiesels. This situation can be explained
with different fatty acid composition of vegetable
oils.

The results from TV=0.6, TV=0.7, TV=0.8, and
TV=0.9 providing best discrimination are
visualized in Fig. 3, Fig.4, Fig. 5, and Fig. 6.

One can see from Table 1 and Fig. 3, Fig. 4, Fig.
5, and Fig. 6 that the number of biodiesels grouped
in a separate cluster depends on the value of TV. At
low TVs the number of objects in a cluster
increases but the number of clusters decreases.
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Thus, at TV=0.0, and TV=0.1 we have only 1
cluster.
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Fig. 3. Distribution of the different biodiesels at TV=0.6.
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Fig. 5. Distribution of the different biodiesels at TV=0.8.
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Fig. 6. Distribution of the different biodiesels at TV=0.9.

There are various parameters, used for
characterization of different biodiesel grades. The
determination of the cetane number (CN) is an
important index from our clustering analyses. The
CN values of the biodiesel fuels, grouped in
clusters having T-values 1.0 and T=0.9 are shown
in Table 2. Some statistical indicators such as mean
and standard deviation (confidence level 95%) are
presented also in Table 2.

One can see that the oils grouped in a given
cluster are of the same type on the one hand and on
the other hand they produce similar CN values.

The lowering of Tanimoto index value extends
the frontiers of the cluster; this tendency is
characterized by the statistical indicator of the
Standard Deviation value, presented in Table 2.

CONCLUSION

A group of 96 biodiesel oils of different origin
was used for creation of descriptor fingerprints

based on their gas chromatographic FAME profiles.
The influence of the threshold value on the
clustering results was studied. As a result of the
clustering analysis based on descriptor fingerprints
biodiesel oils of the same type were grouped into
distinct clusters. It was observed that in general,
biodiesels having similar values of some important
parameters (properties) fall in the same clusters. It
was shown the CN values are correlating with the
Tanimoto index are within the statistical accuracy.
The obtained results allow us to carry out in-depth
studies on the ability of the method of descriptor
fingerprints for prediction of various analytical
properties.
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(Pesrome)

Enua HOB monmxox B obnmacTta Ha XeMOMH(pOpPMAaTHKaTa - W3MON3BAaHETO HA NECKPHUIITOPHHUTE OTICAYaThIM Ha
MPBCTHTE € TMPUIOKEH KbM mpobieMa 3a KIbCTepHpaHe Ha 0a3W OT XUMHYCSCKH JAaHHH. TO3H MOAXO, MPHUIPYKEH C
MeToa Ha byTrHa (TbpBOHAYANIHO CH3IAACH 32 CTPYKTYPHH JCCKPHUIITOPH) OeIIe TecTBaT ¢ rpymna oT 96 OHoIm3eHu
ropuBa. BmusHuero Ha mparoBatra ctoiiHOocT oT 0.0 mo 1.0 Ha wHAekca Ha TaHUMOTO BBPXY pe3yATaTUTE OT
KIIbCTEPUpaHEeTO Oelle m3cieaBaHo. PesynraTuTe mokasaxa eHa 1o0pa pasJenuTeliHa CiocOOHOCT Ha METOJA, Karo
OuoJM3eH ¢ eJHaKBU Maciia IOIaJaT B €JHU M ChIIU KIBCTEpU. bele mokasaHo chlo, 4e MOA00HH CTOWHOCTH Ha
[IETAHOBOTO YUCJIO Ha OMOU3ENUTE MONAAaT B €JHU U CHIIU KI'LCTEPU B pAMKHUTE HA CTATUCTUYECKATa TOYHOCT.
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