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Abstract

An adaptive fuzzy partition (AFP) algorithm was applied on two bioavailability data sets subdivided into four ranges of activity.
A large set of molecular descriptors was tested and the most relevant parameters were selected with help of a procedure based on
genetic algorithm concepts and stepwise method. After building several AFP models on a training set, the best ones were able to
predict correctly 75% of the validation set compounds. Furthermore, an improvement of about 15% in the validation results was
got, on the same data set, as regard to other prediction methods. The importance to work with data sets including a large molecular
diversity, and to use tools able to manage it, was also shown. The prediction power was increased up to 25% employing a data set

with a better-optimised molecular diversity.
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1. Introduction

Combinatorial chemistry technologies and high
throughput screening (HTS) are simultaneously used
by all major pharmaceutical companies in order to
increase the possibility of finding new leads [1,2].
However, many lead compounds fail to progress into
the clinic phase because they do not show satisfactory
pharmacokinetic properties, such as oral absorption,
bioavailability, volume of distribution, and metabolic
stability (ADME properties) [3,4]. But screening large
series of compounds for these properties, especially
using animal tests, requires too many resources that
limit its utility in Drug Discovery. Furthermore, extra-
polations from in vitro or in vivo data to human
bioavailability often lead to inaccurate predictions.
Computational models able to pre-screen ADME prop-
erties can serve as a filter in the design and screening of
combinatorial libraries [5—7].
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Several structure-bioavailability relationship models
have been proposed in the last few years [7—9]. Probably
the best known of these studies is the ‘rule-of-five’
developed by Lipinski et al. [10]. Based on four
molecular descriptors, this empirical approach generates
an alert about potential absorption problems if two of
the following conditions are satisfied: (1) molecular
weight > 500; (2) number of hydrogen-bond acceptors
> 10; (3) number of hydrogen-bond donors >35; (4)
calculated log P > 5.0.

More recently, Veber et al. proposed two other
descriptors and suggested that ‘compounds which meet
only the two criteria of (1) 10 or fewer rotatable bonds
and (2) polar surface area equal to or less 140 AZ (or 12
or fewer H-bond donors and acceptors) will have a high
probability of good oral bioavailability in rat’ [11].
However, further validation has to be furnished in the
evaluation of human bioavailability.

Yoshida and Topliss proposed a classification model
to predict bioavailability by using a data set of 272
drugs, finger-print and pharmacokinetics descriptors,
with help of a method named ORMUCS (ordered
multicategorical classification method using the simplex
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technique) [12]. This approach, after dividing the
bioavailability data in 4 classes, allowed the authors to
get a correct classification rate of 71% for the training
set and 60% for the 40 compounds included in the test
set.

A quantitative structure-bioavailability relationship
(QSBR) model was developed by Andrews et al. on a
data set including 591 compounds [13]. A stepwise
regression procedure was used to relate oral bioavail-
ability in humans and structural fragments in drugs.
Compared to the ‘rule-of-five’ of Lipinski, this model
allowed to reduce sensibly the prediction of false
negatives and positives.

Finally, Bains et al. proposed evolutionary and
adaptive methods for classifying drug bioavailability
into ‘high’ and ‘low’ classes [14], and showed that
obtaining predictive models on the basis of the mole-
cular structure alone is solvable.

Innovative concepts for correlating molecular struc-
tures with biological activities are represented by fuzzy
logic (FL) [15]. In fact, FL methods based on the
possibility to handle the ‘concept of partial truth’,
provide interesting solutions to classification problems
within the context of imprecise categories, in which
ADME properties can be included. Fuzzy classification
represents the boundaries between neighbouring classes
as continuous, assigning to the compounds a degree of
membership of each class. FL has been widely used in
the field of process control, where the idea is to convert
human expert knowledge into fuzzy rules, and it is able
to extract relevant structure-activity relationships (SAR)
from a database, without a priori knowledge. Further-
more, these methods were successfully applied in the
fields of olfaction [16], toxicity [17], and medicinal
chemistry. For example, a data set of about 400
molecules actives in the central nervous system and
divided in eight receptor classes, was correctly classified
with a prediction ratio of 83% [18].

A first trial to apply FL in bioavailability classifica-
tion was implemented by Hirono et al. [19], which
analysed a data set of 188 compounds, divided into three
classes, by a fuzzy adaptive least-squares method. The
prediction results were relatively satisfactory, but three
separated models were derived to classify non-aromatic,
aromatic, and heteroaromatic molecules.

The aim of the current project was then to apply a FL
procedure, called adaptive fuzzy partition (AFP) [16], to
two bioavailability data sets, in order to build robust
and general screening models. A large set of molecular
descriptors was examined and the most relevant para-
meters were selected by a procedure combining genetic
algorithm concepts and a stepwise technique (GA/SW)
[20]. To evaluate the prediction ability of AFP as regard
to other classification techniques, the prediction results
were compared with the scores obtained by Yoshida and
Topliss on the same bioavailability data set [12].

2. Materials and methods

2.1. Compound selection

A first data set of 272 drugs was built by exploiting
data, concerning bioavailability in healthy human sub-
jects, included in the work of Yoshida and Topliss [12].
Bioavailability (F) is defined as the percentage of an
administered dose of a parent compound reaching the
systemic circulation after oral administration. The drugs
were divided into four classes according to the following
bioavailability intervals reported in the original work:
F <20% for class 1; 20 <F <50% for class 2; S0 <F
< 80% for class 3; F > 80 for class 4. For simplicity, this
compound series was named ‘“Topliss data set’, and the
same training and validation sets defined in the original
work were adopted.

Another set of 235 molecules, not included in the
Topliss data set, were extracted from four Refs. [21-24].
The same bioavailability ranges previously defined were
used to classify the drugs. A test set of 75 molecules was
randomly extracted from this data set and each class
included at least 17 compounds. The remaining mole-
cules were added to the Topliss data set and the global
molecular series of 432 compounds was named ‘refer-
ence data set’.

2.2. Molecular descriptor selection

General molecular 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 the main features of each
molecule. The bioavailability data set was distributed
within a hyperspace defined by 164 molecular descrip-
tors, including constitutional, information, topological,
electrotopological, physicochemical, and electronic
parameters [25—-27]. More details about the different
molecular descriptors used can be found in Ref. [18].

To select the best parameters for separating and
assessing the data set compounds, a method based on
GA was used [28]. GA are very effective for exploratory
search, applicable to problems where little knowledge is
available, but they are not particularly suitable for local
search. Then, a stepwise approach was combined with
GA in order to reach local convergence, as it is quick
and adapted to finding a solution in ‘promising’ areas
already identified [20,29].

Finally, a specific index was derived by the fuzzy
clustering method [15] to evaluate the fitness function.
Furthermore, to prevent over-fitting and a poor general-
isation, a cross validation procedure was included in the
algorithm during the selection procedure, randomly
dividing the database into training and test sets. The
fitness score of each set of descriptors derives from the
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Table 1

Representation of the most relevant descriptor selected for by GA/SW for the Topliss and reference data set

1D Symbol Definition Family

Topliss data set

1 X2 simple 2nd order chi index topological

2 Xpb6 simple 6th order path chi index topological

3 SssssC sum of all (>C<) E-state values electrotopological
4 Shvin sum of all H E-state values for (=CH-) electrotopological
5 Shbint2 E-state of internal H bonds (2 path length) electrotopological
6 Shbint5 E-state of internal H bonds (5 path length) electrotopological
7 Idwbar Bonchev—Trinajsti mean information content information

8 Idcbar Idwbar based on path 2 counts information

9 TTs(4)simple total simple topological index of 4th order topological

10 AlogD log D(pH 6.5)—log D(pH 7.4) physicochemical
Reference data set

1 Qsv polarity parameter electronic

2 NumHBd number of H-bond donors constitutional

3 Xpl0 simple 10th order path chi index topological

4 Xvch3 valence 3rd order chain chi index topological

5 Dxvp5 difference valence path 5th order chi index topological

6 SssssC sum of all C E-state values electrotopological
7 SsssNH sum of all NH E-state values electrotopological
8 Shbint7 sum of E-state related to H-bonds electrotopological
9 log P lipophilicity at pH 7.0 physicochemical

combination of the scores of both the training and test
sets.

More details about the strategy of molecular descrip-
tor selection proposed and the proprietary software used
can be found in Ref. [20].

2.3. Adaptive fuzzy partition

AFP is a supervised classification method implement-
ing a fuzzy partition algorithm [30]. It models relations
between molecular descriptors and chemical activities by
dynamically dividing the descriptor space into a set of
fuzzy partitioned subspaces. The aim of the algorithm is
to select the descriptor and the cut position which allow
to get the maximal difference between the two fuzzy rule
scores generated by the new subspaces. The score is
determined by the weighted average of the chemical
activity values in an active subspace A and in its
neighbouring subspaces.

Indicating with P(x,. .. X,) a molecular vector in a n-
dimensional descriptor hyperspace, a rule for a subspace
Sk is defined by [31]:

if x, is associated with p,(x;) and x, is associated

with 1, (X,)...and xy is associated with py, (Xy)=
the score of the activity O for P is O, 1

where x; represents the value of the ith descriptor for the
molecule P, p;, is the membership function related to the
descriptor i for the subspace k, and Oy is the biological
activity value related to the subspace Si. The ‘and’ of the

fuzzy rule is represented by the Min operator [32], which
selects the minimal value amidst all the p;, components.

All the rules created during the fuzzy procedure are
considered to establish the model between descriptor
hyperspace and biological activities. After establishing
the AFP model, a centroid defuzzification procedure
[33] determines the chemical activity of a test molecule.
All the subspaces k are considered and the general
formula to compute the score of the activity O for a
generic molecule P is:

Nyups
E (Min?‘ Hix(X)p)(Oy)
O(p) = -] @

Nsubsp

> (Minf iy (x))p)

k=1
where N is the total number of descriptors and N_subsp
represents the total number of subspaces.More details
about the AFP method can be found in Ref. [16].

3. Results and discussion

A first bioavailability model was established on the
Topliss data set. The GA/SW technique was applied on
the 232 compounds of the training set and ten relevant
descriptors, with a wide-spanning diversity, were se-
lected (Table 1). They include connectivity and informa-
tion indices, three descriptors relative to hydrogen
bonding, and a lipophilicity parameter. Several AFP
models were developed on the training set compounds,
distributed in the 10D descriptor hyperspace, and
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validated by comparing the predicted and experimental
classes of the 40 compounds included in the validation
set. For each compound, the method allowed to get its
degrees of membership of the different bioavailability
classes within a 0—1 range. The validation results for the
best AFP model are shown in Table 2.

Comparing the validation data associated with the
AFP model and the results reported in the paper of
Yoshida and Topliss, AFP method improved the power
prediction of about 10-15% on the training and
validation set molecules. Furthermore, also the predic-
tion ratio on the compounds correctly classified +one
class was sensibly increased, from 95 to 99.8%; amidst
the 40 test set compounds, only clomethiazole, affected
to class 1, was completely missed.

Then, the AFP model built on this first training set
was applied on the test set defined in Section 2.1. Table 2
shows a validation score of 40% and, more particularly,
the less bioavailable classes are very badly predicted.
The reason of these results can be found in the poor
superposition between the structural space covered by
the Topliss training set and the test set. After projecting
both sets in a self organising map (SOM) [34] derived
from the 10D descriptor hyperspace, a statistical analy-
sis show that the Topliss training set recovers only 60%
of the zones occupied by the test set.

The next phase of the work consisted then in selecting
a new training set, more representative of the drug
population. The 432 molecules included in the reference
data set were submitted to a rational selection based on
GA/SW and SOM, in order to define the training and
validation sets used to build and validate the SAR
models. The GA/SW procedure selected nine relevant
descriptors reported in Table 1. Most descriptors are
topological and electro-topological  parameters.
Furthermore, it is very interesting to observe the
presence of log P and the number of H-bond donor
descriptors, which are two parameters included in ‘the

Table 2

rule-of-5" of Lipinski. After projecting the related 9D
hyperspace in a SOM chart, 352 compounds were
selected by exploiting all the regions of the chart and
included in the training set. The best AFP models
developed show scores of about 70% by predicting the
training and validation sets (Table 2). These results are
satisfactory, on account of the high variability affecting
the experimental procedures used to calculate the
bioavailability scores for this work data set.

But, more important, the test set validation shows that
the predictive power, by using the training set derived by
SOM from the reference data set, was improved of about
25% compared to the models previously developed with the
molecules included only in the Topliss data set. In fact,
the main object of the SAR procedures does not consist
in getting impressive scores by predicting training and
validation sets, but in developing robust models able to
predict correctly also test sets never involved in the
building procedures.

4. Conclusion

Combinatorial chemistry and HTS techniques allow
to generate each year an impressive amount of new lead
compounds, which will be successively converted in
compounds with an in vivo therapeutic efficiency
worthy of a potential drug candidate. But most of these
drugs are intended for oral therapy. Then, there is a
need to incorporate, already in the first phases of the
drug discovery, procedures able to predict oral avail-
ability of a given molecule, for not wasting considerable
resources.

Systematic experimental determination of oral activ-
ity would require as many resources as optimising in
vitro activity. Then, computational methods can offer
interesting alternatives, by analysing large amounts of
information and automatically extracting new knowl-

Statistical values defining the robustness of the AFP model developed on the Topliss and reference data sets

Class Training set (%)

Validation set (%) Test set (%)

Topliss data set-272 compounds

1 73 (43)
2 70 (52)
3 87 (84)
4 89 (89)
All classes 82 (71)
Reference data set-432 compounds

1 69

2 62

3 71

4 81

All classes 70

63 (53) 19
71 (53) 19
75 (64 38
85 (64) 53
75 (60) 40
70 64
58 55
69 62
78 70
68 64

The scores obtained by Yoshida and Topliss on the “Topliss’ data set are indicated between brackets. Better results derived from the reference data

set underline the necessity of a rational selection of the training set.
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edge from databases. Amidst these methods, FL con-
cepts constitute an interesting approach to the virtual
screening of chemical libraries and they were already
successfully applied in the fields of medicinal chemistry,
ecotoxicity and olfaction [16—18].

In this study, an AFP algorithm was applied on two
data sets for oral bioavailability, divided into four
ranges of activity. The AFP method consists in model-
ling molecular descriptor—activity relationships by
dynamically dividing the descriptor hyperspace into a
set of fuzzy subspaces. After computing a large set of
molecular descriptors, the most relevant parameters
were selected with help of a procedure based on GA
concepts and stepwise method.

Several AFP models were built and, for the best one,
the experimental classes were predicted correctly for
75% of the validation set compounds. Furthermore, the
prediction score was improved of 15%, on the same data
set, as regard to other prediction methods [12]. The
importance to work with data sets including a large
molecular diversity and to use tools able to manage it
was clearly demonstrated. The prediction power was
increased up to 25% by employing a training set with a
better-optimised molecular diversity.

These preliminary results are very encouraging, also
considering the high variability affecting the experimen-
tal procedures in the area of ADME and the complexity
of the phenomena related. Further improvements of
these models can be obtained by increasing the mole-
cular diversity in the data sets.

Furthermore, work is underway to evaluate different
descriptors, such as fingerprints and, above all, Volsurf
parameters [35]. In fact, the latter descriptors are linked
to main properties that influence bioavailability, such as
transcellular permeability and intrinsic solubility [36],
and that are badly encoded by the descriptors used in
this work.
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