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2D Autocorrelation modeling of the activity
of trihalobenzocycloheptapyridine analogues as farnesyl
protein transferase inhibitors
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(Received February 2005, in final form February 2005)

The inhibitory activity towards farnesyl protein transferase enzyme (FPT) of 49 piperidine substituted trihalobenzocyclo-
heptapyridine analogues (thBCHPs) has been successfully modelled using 2D spatial autocorrelation vectors. Predictive
linear and non-linear models were obtained by forward stepwise multilinear regression analysis (MRA) and artificial neural
network (ANN) approaches, respectively. A variable selection routine that selected relevant non-linear information from the
data set was employed prior to networks training. The MRA model, using three descriptors, was able to explain about 68%
data variance. The model showed a linear dependence between the inhibitory activities and autocorrelation coefficients
weighted by van der Waals volumes and atomic polarizabilities on the inhibitors molecules. The non-linear approach preserve
several characteristics described for the linear one. Three descriptors were selected encoding the same atomic properties, but
the new ones were able to explain about 92% data variance. In addition, the ANN model had higher predictive power.
Furthermore, inhibitors were well distributed regarding its activity levels in a Kohonen self-organizing map (SOM) built

using the input variables of the best neural network.

Keywords: QSAR analysis; Feed-forward neural network analysis; Self organizing maps; Farnesyl protein transferase inhibitors

1 Introduction

The development of cancer therapeutics in the last few
years has taken new dimensions since modern biological
techniques open the way to understand key cellular
processes at the individual protein level [1]. Growth factor
signalling pathways are among the first systems to have
been investigated successfully. In this sense, the potential
for therapeutic intervention at several different levels
between the cell membrane and the nucleus has become
evident and a variety of molecular biological and “small
molecule” tools are under investigation.

One of the key signalling system is the Ras pathway.
Mutated forms of Ras, which are constitutively active, are
found in approximately 30% of all cancers in man. Ras
proteins play a central role in the signal transduction
cascades controlling these processes. Most interest in
modifying the action of the Ras oncogene has been focused
on inhibition of the farnesyl protein transferase enzyme

(FPT) [2]. In order to exert its functional effects, Ras has to
be docked into the cell membrane. The cytosolic protein has
to be modified at the C-terminus by addition of a lipophilic
“tail” (farnesyl pyro phosphate: FPP) which then anchors it
into the cell membrane. FPT recognizes and binds only the
last four C-terminal amino acids of the CAAX-consensus
sequence (C, cysteine; A, aliphatic amino acid; X, serine or
methionine) of its substrate proteins; this tetrapeptide is
therefore a primary template for the development of non-
peptide farnesyltransferase inhibitors [3].

Early attempts to discover inhibitors of FPT focused on
modifications of the isoprenoid and CAAX polypeptide
substrates of the enzyme. While potent FPP-derived
inhibitors have been discovered, most attention has been
paid to analogues of the CAAX peptide. They have been
considered peptides based on the CAAX sequence contain-
ing a free thiol group [4,5]. Peptidomimetics FPT inhibitors
that are non-thiol peptides have also been reported [6].
However, the peptidic nature or the presence of a free thiol
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group in these FPT inhibitors may have disadvantages in the
development of such compounds as therapeutic agents.
In recent years the number of non-peptidic, non-thiol-
containing selective FPT inhibitors is increased [7—10].

Computational models that are able to predict the
biological activity of compounds by its structural properties
are powerful tools to design highly active molecules. In this
sense, quantitative structure—activity relationships (QSAR)
studies have been successfully applied for modelling
biological activities of natural and synthetic chemicals [11].
Graph-theoretical and topological methods are included in
the most QSAR studies. Among these methods, 2D spatial
autocorrelations has been successfully used for modelling
logP-values [12], biological activities [13], for pharma-
ceutical [14] and toxicological research [15].

Only a few papers have reported QSAR studies on FPT
inhibitors. Giraud et al. [16] applied a system of multiple
techniques coupled with handpicked thermodynamic,
physical and topological descriptors to build a discrimi-
natory model that could separate actives from inactives
over highly analogous compounds. On the other hand,
Estrada et al. [17] used a diverse training set of anticancer
compounds to compute a fragment-based QSAR model
that could be subsequently employed to compute the
probability of a particular compound being active against
cancer. Polley er al. [18] employed Bayesian regularized
ANN to generate a QSAR model on a large FPT inhibitors
data set using molecular descriptors.

In this work autocorrelation vectors were used for
encoding structural information from piperidine substi-
tuted  trihalobenzocycloheptapyridine  analogues
(thBCHPs), and linear and non-linear models of the FPT
inhibitory activity were built using multivariate-linear
regression analysis (MRA) and ANNs. A comparative
study was developed according to the results of data fitting
and the predictive power of the models measured by cross-
validation technique. The versatility of ANNs was used
also for mapping the thBCHPs inhibitory activities on a
topological map using competitive neural networks.

2 Method

2.1 Spatial autocorrelation approach

The binding of a substrate to its receptor is dependent on
the shape of the substrate and on a variety of effects such
as the molecular electrostatic potential, polarizability,

hydrophobicity and lipophilicity. Therefore, in a QSAR
study the strategy for encoding molecular information
must in some way, either explicitly or implicitly, account
for these physicochemical effects. Furthermore, usually
data sets include molecules of different size with different
numbers of atoms, so the structural encoding structures
must allow comparing such molecules [19].

Autocorrelation vectors have several useful properties.
First, a substantial reduction in data can be achieved by
limiting the topological distance, /. Second, the auto-
correlation coefficients are independent of the original
atom numberings, so they are canonical. And thirdly, the
length of the correlation vector is independent of the size
of the molecule [19].

For the autocorrelation vectors, H-depleted molecular
structure is represented as a graph G and physico-chemical
properties of atoms as real values assigned to the vertices
of G (table 1). These descriptors can be obtained by
summing up the products of certain properties of two
atoms, located at given topological distances or spatial lag
in G. Three spatial autocorrelation vectors were employed
for modelling the inhibitory activity:

Moran’s index [20]:
>_8i(pxi = P)(pij — Pr)

_ g
e S St — o M

Geary’s coefficient [21]:

>-8i(pi — PP — Pr)

N—1)7
c(pr, ) = : — (2)
P 4L >_(Pxi = Pr)
Broto-Moreau’s autocorrelation coefficient [22]:
Alpr, D) = Z Oij Pki Pij 3)

where I( pi,l), c( pi,l) and A(py,l) are Moran’s index, Geary’s
coefficient and Broto-Moreau’s autocorrelation coefficient at
spatial lag [, respectively; py; and py; are the values of property
k of atom i and j, respectively; p; is the average value of
property k and 6(/,d;) is a Dirac-delta function defined as

lifdy = I

Table 1. Representation of different molecular graphs G and topological distances or spatial lags d;;.
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where dj; is the topological distance or spatial lag between
atoms 7 and j.

Spatial autocorrelation measures the level of inter-
dependence between properties, and the nature and
strength of that interdependence. It may be classified as
either positive or negative. In a positive case all similar
values appear together, while a negative spatial auto-
correlation has dissimilar values appearing in close
association [20,21]. In a molecule, Moran’s and Geary’s
spatial autocorrelation analysis tests whether the value of
an atomic property at one atom in the molecular structure
is independent of the values of the property at
neighbouring atoms. If dependence exists, the property
is said to exhibit spatial autocorrelation. Moreau and
Broto first applied autocorrelation function to the topology
of molecular structures [22]. The autocorrelation vectors
represent the degree of similarity between molecules.

A data matrix is generated with the spatial autocorrela-
tion vectors calculated for each compound. Afterwards,
dimensionality reduction methods were employed for
selecting the most relevant vector components for building
linear and neural network models.

2.2 Data sets and models

Inhibitory activities against FPT enzyme and molecular
structures of 30 thBCHPs were taken from the literature
[23]. Compounds activities were reported as their ability
to inhibit the transfer of [*H]-farnesyl from farnesyl
diphosphate to H-Ras-CVLS, a process that is mediated by
FPT. ICs, refers to the nanomolar concentration of the
compound required for 50% inhibition of the enzyme
activity [23]. Molecular structure and biological activities
are summarized in table 2. Activities reported like lower
or higher than threshold values were taken equal to the
threshold value.

Prior to molecular descriptor calculations, 3D structures
of the studied compounds were geometrically optimized
using semi-empirical quantum-chemical method PM3
[24] implemented in MOPAC 6.0 [25] computer software.

Dragon [26] computer software was used for calculat-
ing unweighted and weighted Moran, Geary and Broto-
Moreau 2D-autocorrelation vectors. As weighting
properties we tried atomic masses, atomic Van der
Waals volumes, atomic Sanderson electronegativities and
atomic polarizabilities. Autocorrelation vectors were
calculated at spatial lags / ranging from 1 up to 8.

The total number of computed descriptors was 96.
Descriptors with constant values were discarded. For the
remaining descriptors pairwise correlation analysis was
performed in order to reduce, in a first step, the colinearity
and correlation between descriptors. The procedure
consists of the elimination of the descriptor with lower
variance from each pair of descriptors with the modulus of
the pair correlation coefficients higher than a predefined
value R« (0.90). Afterwards, the number of remained
descriptors was 37.

2.3 Forward stepwise multilinear regression analysis

The most significant parameters for the multilinear
regression analysis (MRA) model were identified from
the data set using forward stepwise regression method
[27], where the independent variables are individually
added or deleted from the model at each step of
the regression depending on the Fisher ratio values
selected to enter and to remove until the “best” model
is obtained. Statistical analysis and data exploration
was carrying out using the Statistica version 6.0 [28]
computer software. Examining the regression coefficients,
the standard deviations, the significances and the number
of variables in the equation determined the quality of the
model.

2.4 Feed-forward neural network approach

ANNSs are computer-based models in which a number of
processing elements, also called neurons, units, or nodes
are interconnected by links in a netlike structure forming
“layers” [29,30]. A variable value is assigned to every
neuron. The neurons can be one of three different kinds.
The input neurons receive their values from independent
variables, input layer. The hidden neurons collect values
from other neurons, giving a result that is passed to a
successor neuron. The output neurons take values from
other units and correspond to different dependent
variables, forming the output layer. In this sense, network
architecture is commonly represented as I-H-O, where [, H
and O are the number of neurons in the input, hidden and
output layers, respectively.

The links between units have associated values, named
weights, that condition the values assigned to the neurons.
There exist additional weights assigned to bias values that
act as neuron value offsets. The weights are adjusted
through a training process in order to minimize network
error. Commonly neural networks are adjusted, or trained,
so that a particular input leads to a specific target output.

The characteristics of the ANNs have been found to be
suitable for data processing, in which the functional
relationship between the input and the output is not
previously defined. This is due to the fact that structure—
activity relationships are often non-linear and very
complex and neural networks are able to approximate
any kind of analytical continuous function, according to
Kolmogorov’s theorem [31].

Choosing the adequate descriptors for non-linear QSAR
studies is difficult because there are no absolute rules that
govern this choice. Recently, evolutionary algorithms and
specifically genetic algorithms have been used for variable
selection problems combined to ANNSs [32]. In this work, a
neural network feature selection procedure that extracts
non-linear information from the data set was employed for
data dimensionality reduction before network training.
In this regard, neuro-genetic input selection routine
(NGISR) of Statistica Neural Networks package from
Statistica 6.0 computer software was used. This tool
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Table 2.  Structures of trihalobenzocycloheptapyridine analogues and experimental and predicted inhibitory activities by forward stepwise multilinear
regression analysis and artificial neural network models against farnesyl protein transferase.

Br. / \ c g / \ cl
\ \
N N
Br Br
o)
N (0] N
1 o/]\Q?n)J\R 2
log(10%ICs0)
Compound n R Exp MRA ANN
la 1 ONa 3.92 4.06 3.94
1b 1 NH, 4.17 4.55 4.13
1c 2 OCHj; 5.04 4.31 5.03
1d 2 ONa 3.57 4.17 3.51
le 2 NH, 4.85 4.69 4.81
1f 3 ONa 4.36 4.47 4.63
1g 3 NH, 4.96 4.86 4.79
1h 4 OCHj3 3.82 4.66 3.81
1i 4 ONa 4.77 4.62 4.91
1j 4 NH, 5.11 4.98 5.08
1k 5 OCHj; 4.96 4.75 4.72
11 5 ONa 5.04 4.74 5.20
1m 5 NH, 5.48 5.07 5.24
2a 1 OEt 5.52 5.25 5.31
2b 1 NH, 5.48 5.51 5.50
2¢ 2 OCHj3 5.29 5.22 5.39
2d 2 ONa 5.92 5.25 5.48
2e 2 NH, 5.60 5.54 5.68
2f 3 OEt 5.32 5.25 5.42
2g 3 ONa 5.96 541 5.52
2h 3 NH, 541 5.63 5.48
2i 4 OCHj3 5.28 541 5.54
2j 4 ONa 5.44 5.45 5.58
2k 4 NH, 5.46 5.68 5.53
21 5 OCHj; 5.16 5.44 5.49
2m 5 ONa 5.85 5.50 5.64
2n 5 NH, 5.48 5.70 5.62

@
/

/

o
o
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Table 2 (Continued)

1log(10°/1Cs)
Compound n y X Exp MRA ANN
3a 1 1 CH, 5.40 5.15 5.49
3b 2 1 CH, 4.66 4.66 4.74
3c 3 1 CH, 4.07 4.53 4.12
3d 1 2 CH, 5.52 5.34 5.44
3e 2 2 CH, 4.72 4.87 4.69
3f 3 2 CH, 4.10 4.71 4.13
3g 1 1 NH 4.64 4.88 4.68
3h 2 1 NH 4.72 4.51 4.73
3i 3 1 NH 4.80 4.39 4.81
3j 1 2 NH 5.52 4.97 5.35
3k 2 2 NH 4.70 4.61 4.80
31 3 2 NH 425 4.48 421
4a 1 1 CH, 5.49 5.90 5.59
4b 2 1 CH, 5.52 5.47 5.46
4c 3 1 CH, 5.38 5.30 5.23
4d 1 2 CH, 5.85 6.00 5.81
4e 2 2 CH, 5.44 5.58 5.53
4f 3 2 CH, 5.28 5.40 5.19
4g 2 1 NH 5.13 5.36 5.30
4h 1 2 NH 5.60 5.72 5.61
4 2 2 NH 5.57 5.39 5.46
4 3 2 NH 5.09 5.23 5.25

combines the algorithms of genetic algorithms, probabil-
istic and generalized regression neural networks to
automatically search for optimal combinations of input
variables [33].

Feed-forward networks had 3 and 1 neurons in the input
and output layers corresponding to independent and
dependent variables, respectively. The architecture was
optimized varying the number of neurons in the hidden
layer. Training functions updated weights and bias values
according to gradient descent momentum and an adaptive
learning rate. Network training function parameters were
optimized by varying both learning rate and momentum
from 0.01 to 0.99.

Matlab version 6.5 [34] was used for implementing
fully connected, three-layer, feed-forward computational
neural networks with back-propagation training. In these
nets, the transfer function of input and output layers was
linear, and the hidden layer had neurons with a
hyperbolic tangent transfer function. Network training
was stopped when the minimum gradient of 0.001 was
reached and then adjusted network weight and bias were
stored.

2.5 Self-organizing maps

In order to settle structural similarities among the
thBCHPs, a Kohonen self organizing map (SOM) was
built. The autocorrelation descriptors selected
by NGISR were used for unsupervised training
of 9X9 neuron map. Kohonen [35] introduced a
neural network model that generates a SOM. Neurons
are arranged in a 2-dimensional network. Molecules
characterized by m descriptors are projected into this
network. With m >n a Kohonen network can be

used to project a higher-dimensional space into a lower
dimensional space [36]. Such maps of surface properties
have been used for comparing wide variety of
biologically active compounds [37].

m

out,, +— min Z (X5 — Wij)2 (®))
i=1

Kohonen network is training using an unsupervised and
competitive learning process. In our case a molecule s,
characterized by m descriptors, x,;, will be projected into
that (central) neuron, c;, that has weights, w;;, most similar
to the input variables (equation 5). During the learning
process, weights of the neurons in the network are
changed to make them even more similar to the input
variables. The weights of all neurons are adjusted but to an
extent that decreases with increasing distance from the
central, winning neuron, c,. Finally, a molecule is
projected into that neuron of the network with weights
that come closest to the description of the molecule by the
autocorrelation vector.

It should be noticed that the criterion embedded in
equation 5 for determining the winning neuron for a
molecule basically constitutes the measure determining
the similarity of molecular structures. Molecules with
similar autocorrelation vectors, Xs, are projected into the
same or closely adjacent neurons. SOM were
implemented in Matlab 6.5, neurons were initially
located at a grid topology. The ordering phase was
developed in 1000 steps with 0.9 learning rate until
tuning neighbourhood distance (1.0) was achieved. The
tuning phase learning rate was 0.02. Training was
performed for a period of 2000 epochs in an
unsupervised manner.
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2.6 Model validation

Models were validated by calculating Q 2 values. The Q *
values are calculated from “leave-one-out” (LOQO) cross-
validation. A data point is removed (left-out) from the set,
and the model refitted; the predicted value for that point is
then compared to its actual value. This is repeated until
each datum has been omitted once; the sum of squares of
these deletion residuals can then be used to calculate Q 2,
an equivalent statistic to R %.

SV (Y — Ay
SN (Yi— A

Where N is the number of compounds, Y; and A;
are the predicted and experimental biological
activities of i left-out compound, respectively, A; is the
average experimental activity of left-in compounds
different to i.

The Q2 values can be considered a measure of the
predictive power of a model: Whereas R can always be
increased artificially by adding more parameters (descrip-
tors or neurons), Q2 decreases if a model is over-
parameterized [38], and is therefore a more meaningful
summary statistic for predictive models.

0’ =1- ©)

3 Results and discussion

3.1 Multilinear regression analysis

2D autocorrelation descriptors were used for obtaining, in
a first approach, a MRA model for the inhibitory activities
of thBCHPs against FPT enzyme with acceptable statistic
significance and predictive power (equation 7). Following
the principle of parsimony [38] we choose a three variable
model as the “best” model.

log(106/1C50) = 8.779 X MATS1v — 12.126
X GATS5v — 4.686 X GATS6p
+21.963 (7

N =49 R=0.828 §=10.335 F =32.735

p<107° 0% =0.629 S., = 0.364

In equation 7, N is the number of compounds
included in the model, R is the correlation coefficient, S
is the standard deviation of the regression, F is the
Fisher ratio, Q 2 is the correlation coefficient of the cross-
validation, p is the significance of the variables in the
model and S., is the standard deviation of the cross-
validation.

Inhibitory activities of the thBCHPs predicted by the
linear model appear in table 2. The plot of experimental
10g(106/IC50) versus calculated log(106/IC50) is given in
figure 1A. This model is able to explain about 68% data
variance and more important it is quite stable to the

A
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T T T
35 4.0 45 5.0 55 6.0

experimental values

6.0 4
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o
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predicted values
B
)

g
[S)
L

3.5 5

35 40 45 5.0 55 6.0
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Figure 1. Experimental and predicted values from MRA (A) and
ANN (B).

Table 3. Symbols of the descriptors selected by forward stepwise
multilinear regression analysis and neuro-genetic input selection routine
and their definitions.

Variable* Forward stepwise multilinear regression analysis

MATS1v Moran autocorrelation of lag 1/weighted by
atomic van der Waals volumes

GATSS5v Geary autocorrelation of lag 5/weighted by
atomic van der Waals volumes

GATS6p Geary autocorrelation of lag 6/weighted by
atomic polarizabilities

Variable* Neuro-genetic input selection routine

GATS2v Geary autocorrelation of lag 2/weighted by
atomic van der Waals volumes

MATS7v Moran autocorrelation of lag 7/weighted by
atomic van der Waals volumes

MATSS5p Moran autocorrelation of lag 5/weighted by

atomic polarizabilities

" The definition of the terms appears largely explained in reference 39.
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inclusion—exclusion of compounds as measured by
the correlation coefficient (Q > > 0.5). Variables in the
model correspond to Moran’s and Geary’s spatial
autocorrelation coefficients weighted by atomic van der
Waals volumes and atomic polarizabilities [39] (table 3).
These autocorrelation descriptors represent the degree of
similarity between inhibitor molecules based on such
properties at spatial lags 1, 5 and 6, respectively.

3.2 Feed-forward neural network approach

Since biological interactions are non-linear by nature; the
main goal of this work was to train ANNs for modelling the
inhibitory activities against FPT enzyme of thBCHPs.
Choosing the optimum architecture for networks is always
a difficult task, in our work we followed the criterion that
1.80 < p<22 [p= (number of data points in the
training set)/(number of adjustable weights and bias
controlled by the network)] [40]. In this sense, the networks
architecture was fixed in 3-5-1 (p = 1.88). Network inputs
and outputs were normalized before training processes. For
learning rate and momentum were assigned 0.9 and 0.02
values, respectively. Training was carried out for 2000
epochs, the global minimum was selected among ten
replicas in all cases.

The selection of the optimum variable subset
among a large number of descriptors for fitting a model is
a key question in modelling processes. A lot of reports
described the use of MRA for dimensionality reduction
in NN modelling [41]. Recently, several novel approaches
that attempt to select variables that gather non-linear
information have been published. The most of
these methods combine genetics algorithm and different
ANN approaches [42,43]. In this work, we used
the NGISR approach implemented in Statistica Neural
Networks package (see “Materials and Methods” section)
for selecting a second variable subset enable of retaining
non-linear information. This method is a feature selection
routine based on a neuro-genetic algorithm which reduces
data dimensionality by removing redundant information.

Applying the above mentioned method the data was
reduced to 13 descriptors. All possible combinations of
three variables, within this reduced data set, were tested
for training feed-forward ANNs, using the 3-5-1
architecture, the best 10 models were selected considering
R. Afterwards, the best model was selected applying LOO
cross-validation, taking into account the Q 2 value. Finally,
a subset of three descriptors was achieved. The descriptors
and their definitions are in table 3. The non-linear model
(ANN) was generated using this subset. Cross-correlation
analysis showed that all pairwise correlations were
=0.467 between this variables, also indicating a low
colinearity (see table 4).

The five hidden neurons were chosen to maintain p [40]
between 1.8 and 2.2. To verify this condition we have also
performed a trial by taking three to six neurons in the
hidden layer (p between 3.06 and 1.58) and it was found
that the five hidden neurons give the best results as given

Table 4. Correlation matrix of the descriptors selected by neuro-genetic
input selection routine.

GATS2v MATS7v MATS5p
GATS2v 1.000
MATS7v 0.027 1.000
MATSS5p 0.323 0.467 1.000

in table 5. Fitting of the data, stated in R and MSE values,
was improved with the increment of hidden neurons.
However, Q % of LOO cross-validation was increased until
a maximum of 0.684 for five neurons, but beyond this
value Q2 began to decrease. This result confirmed as
better as the network fits the data worse is its predictive
power. Since an important feature of a QSAR model is its
ability for making predictions we consider five neurons as
optimum value for generating the optimum model. There
was not an appreciable influence varying both learning
rate and momentum from 0.01 to 0.99, therefore initial
conditions were kept. The predicted inhibitory activities
for this model are reported in table 2. The plot in figure 1B
indicates that there is a significant correlation between
experimental and calculated values of log(106/IC50) for
the ANN model.

Like in MRA model, Moran’s and Geary’s spatial
autocorrelation coefficients weighted by atomic van der
Waals volumes and atomic polarizabilities are present in
the ANN model. Other similarities are evidenced. Both
models had these features in common:

—Spatial autocorrelation coefficient weighted by
atomic van der Waals volumes of short lag (1v and
2v in MRA and ANN, respectively).

—Spatial autocorrelation coefficient weighted by
atomic van der Waals volumes of large lag (5v and
7v in MRA and ANN, respectively).

—Spatial autocorrelation coefficient weighted by
atomic polarizabilities of large lag (6p and 5p in
MRA and ANN, respectively).

However, non-linear model overcomes the linear one
obtained in this work; in certain way tunes the linear
relationship. The network fitted the data with a higher R *
being able to describe about 92% of data variance in
comparison with 68% the linear model. Moreover, the
network was able to predict the inhibitory activity of
unknown compounds with higher accuracy. Its higher Q *
of LOO cross-validation of 0.684 emphasized that ANN

Table 5. Variation of statistic parameters with number of hidden
neurons in ANN model.

Hidden neurons R MSE Q2 Scv

3 0.955 0.087 0.621 0.376
4 0.958 0.081 0.625 0.350
5 0.962 0.068 0.684 0.319
6 0.971 0.056 0.636 0.392
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has higher predictive power. Neural network approach
proved to be more reliable than forward stepwise
MRA method. Both models reveal that it exists
dependence between inhibitory activities of the FPT
inhibitors and the spatial autocorrelations of atomic
volumes and polarizabilities on the inhibitor structure,
but the neural network approach senses a non-linear
dependence.

The identified descriptors have van der Waals volume
and polarizability as physicochemical weighting com-
ponent in them indicating their influence on the inhibitory
activity. The biggest difference among the interpretation
of two models is evidenced in the shortest-lag term
weighted by volumes that appears in the linear model but
not in the non-linear one. Lag-one descriptors have
particular characteristics. They do not differentiate
between linear and branched structural templates.
Meanwhile, lag-two descriptors are sensible to branched
topological forms. The participation of descriptors
of lag five, six and seven may be viewed in terms of
association of activity information content with the five,
six and seven centered structural fragments. However,
further deciphering of the information content of these
descriptors is very complex as their computations involve
integration of the structural fragments and due to this it is
not possible to traverse backward from a higher state to a
lower one.

Several kinds of inhibitors are reported in the last
years able to dock the active site of FPT [44].
Published crystal structures have revealed that peptide-
mimetic FPT inhibitors may block the peptide substrate
site or can occupy part of the peptide site and the exit

groove in a manner similar to the farnesylated peptide
product. In piperidine substituted thBCHPs the
piperidine is directed in the hydrophobic shallow
channel away from the core of FPT [45] interacting
with aromatic residues (Trpl102B3, Trpl063, Tyr361pB).
Substitutions in piperidine can be tolerated modulating
the inhibitory activity. Our QSAR study suggests that
size and polarizability of atoms are responsible for this
effect.

3.3 Kohonen self-organizing map

Variables selected by NGISR approach were used to
obtain a SOM of the inhibitory activity of the cytokinin-
derived compounds. We built a 9 X 9 Kohonen SOM.
Figure 2 depicts the KNN map of the data, 38 of a total of
81 neurons were occupied. Eleven neurons were occupied
by two compounds at the same time.

As it is observed, compounds with a similar range of
activities were grouped into neighboring areas. Note-
worthy, thBCHPs with low inhibitory activities were
placed in adjacent lowly active neurons at the upper-right
zone. On the other hand, the most active derivatives were
placed at adjacent highly active neurons through the left
and lower areas. Only two compounds are outside:
Compound 1c¢ is located into lowly active neurons
neighborhood and its logarithmic activity is above 5;
similarly compound 3g is located into highly active
neurons neighbourhood and its logarithmic activity is
below 5. Both compounds can be proposed as outliers,
since they are not well classified by the selected
autocorrelation descriptors.
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Figure 2. KNN map for the data set using descriptors from non-linear model. Squares and circles denoted neurons and compounds, respectively.

Circles at right decode the ranges of inhibitory activities (10g10°/IC50).
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4 Conclusions

Biological phenomena are complex by nature. In this work
the inhibitory activity against FPT of a set of piperidine
substituted trihalobenzocycloheptapyridine compounds
was successfully modelled using MRA and ANN. 2D
spatial autocorrelation descriptors were used for encoding
structural information of the studied compounds. Neural
network approach showed to overcome linear model by
having higher correlation coefficient and predictive power.
A non-linear dependence between thBCHPs inhibitory
activities and the spatial autocorrelations of atomic
properties on the inhibitor structure were found. Selected
autocorrelation descriptors were also enable to well
distribute data set on a Kohonen SOM.
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