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Abstract—Inhibition of farnesyltransferase (FT) enzyme by a set of 78 thiol and non-thiol peptidomimetic inhibitors was success-
fully modeled by a genetic neural network (GNN) approach, using radial distribution function descriptors. A linear model was
unable to successfully fit the whole data set; however, the optimum Bayesian regularized neural network model described about
87% inhibitory activity variance with a relevant predictive power measured by q2 values of leave-one-out and leave-group-out
cross-validations of about 0.7. According to their activity levels, thiol and non-thiol inhibitors were well-distributed in a topological
map, built with the inputs of the optimum non-linear predictor. Furthermore, descriptors in the GNN model suggested the occur-
rence of a strong dependence of FT inhibition on the molecular shape and size rather than on electronegativity or polarizability
characteristics of the studied compounds.
� 2005 Elsevier Ltd. All rights reserved.
1. Introduction

In recent years, targeting farnesyltransferase (FT) enzyme
has become a promising strategy in cancer therapy.1

Transferring a farnesyl from farnesylpyrophosphate to
the thiol of a cysteine side chain of protein residues, which
bear theCAAX-tetrapeptide sequence (C: cysteine,A: ali-
phatic amino acid, andX: serine ormethionine) at theirC-
terminus, is catalyzed by FT enzyme.2 The inhibition of
such an enzyme as a cancer therapy alternative is based
on the fact that farnesylation is a pre-requisite for the
transforming activity of oncogenic Ras, which is found
in approximately 30% of all cancers in humans.3 Howev-
er, recent evidence has been accumulating suggesting that
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Rasmaynot be the only substrate that is involved in onco-
genesis.2 Attention has been shifted to RhoB, another
member of the class of smallGTPases involved in receptor
trafficking.4,5 Although the mechanism by which FT
inhibitors (FTIs) display their antiproliferative activity
remains unsolved, the efficacy and low toxicity of such
compounds have been demonstrated. Therefore, FT inhi-
bition is considered a major emerging strategy in cancer
treatment.6

Since the FT enzyme only recognizes and binds the last
four C-terminal amino acids of the CAAX-consensus of
substrate proteins, this tetrapeptide is used as a primary
template for developing non-peptide FTIs.2 The majority
of those CAAX-peptidomimetics possess a free thiol
group that coordinates the enzyme-bound zinc ion, as it
has been shown for the native peptide substrate. Howev-
er, non-thiol FTIs have also been developed recently tak-
ing into account several adverse effects associatedwith the
thiol group.7 In such inhibitors, the coordination to the
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M. P. González et al. / Bioorg. Med. Chem. 14 (2006) 200–213 201
zinc ion is usually accomplished by nitrogen-containing
heterocycle;8 however, replacement of the heterocycles
by non-metal-coordinating aryl residues can be carried
out without losing too much of FT inhibitory activity.9,10

This fact has suggested the occurrence of at least one hith-
erto unknown aryl binding region on the FT active
site.11,12

Computational-based rational design of drugs has in-
creased in the last decade. Most of those approaches
are focused on quantitative structure–activity relation-
ship (QSAR) studies, using different kinds of molecular
descriptors for encoding chemical information.13–16

After computing a set of descriptors, multivariate linear
or/and non-linear relationships are established between
a reduced subset of variables and the inhibitory activity,
leading to a mathematical model.

Since interactions between a chemical and a biological
system are non-linear by nature, artificial neural network
(ANN) methodology has been successfully applied in
QSAR studies of biological activities yielding, in most
of the cases, better results than multilinear regression
analysis (MRA).16–23 Besides the non-linearity existing
between biological activities and the computedmolecular
descriptors, another major problem arises when the num-
ber of calculated variable exceeds the number of com-
pounds in the data set, so that one is dealing with an
undetermined problem where undesirable overfitting
can result.21 This problem can be handled by implement-
ing a feature selection routine that determines which of
the descriptors has a significant influence on the activity
of a set of compounds. Genetic algorithm (GA), rather
than forward or backward elimination procedures, has
been successfully applied for feature selection in QSAR
studies when the dimensionality of the data set is high
and/or the interrelations between variables are convolut-
ed.16–23

In the context of in silico methods for modeling physico-
chemical and biological properties of chemicals, the
radial distribution function (RDF) approach has been
introduced.24 Successful application of this theoretical
approach for deriving the 3D structure of organic mol-
ecules from their infrared spectra25,26 has inspired us
to test and/or validate the RDF descriptors applicability
in assessing discoveries of new drugs.

In thiswork,weemployedGAforbuilding linearandnon-
linear predictive models for the inhibition of FT by a data
set of 78 CAAX-peptidomimetic inhibitors including 32
thiol and 46 non-thiol FTIs (Table 1). In a first approach,
RDF descriptors were used for obtaining linearmodels of
the studied property. In addition to a GA-based MRA,
genetic neural network (GNN) approach was used for
building an optimum neural network model with the
RDFdescriptors.Togain inperformanceboth robustness
of predictions and speed of computationANNs, Bayesian
regularization was implemented in a Levenberg–Marqu-
ardt algorithm for error minimization during supervised
training of full-connected feed-forward ANNs. Further-
more, versatility of the ANNs was also used for mapping
the FT inhibitory activities on a topological map using
competitiveneuralnetworks toaddress structural features
related to the activity of the studied compounds.
2. Results and discussion

Taking into account that RDF descriptors encode infor-
mation highly depend on molecular 3D structures, after
structural optimization by semi-empirical method PM3,
inhibitors were aligned with the CAAX-peptidomimetic
portion from the crystal structure of a ternary complex
of farnesyltransferase, farnesylpyrophosphate analogue,
and N-acetyl-Cys-Val-Ile-selenoMetOH (PDB 1QBQ)27

(Fig. 1), and it was established that there is no discor-
dance among the optimized structures and the confor-
mations they should adopt at the active site of the FT
enzyme.

2.1. Multilinear regression analysis

As we previously pointed out, in a first approach, a
MRA for the FT inhibitory activity of the studied com-
pounds was achieved by means of the GA search rou-
tine. The symbols and definitions of the RDF
descriptors in the models are given in Table 2. The mod-
el selection was subjected to the parsimony principle.28

Then, we chose a function with high statistical significa-
tion but having as few descriptors as possible. The best
QSAR model obtained is given below together with the
statistical parameters of regression:

� logðIC50Þ ¼ 1.590� 0.099 �RDF040u� 0.102

�RDF140uþ 0.177 �RDF140m

þ 0.077 �RDF090vþ 0.187

�RDF125vþ 0.067 �RDF050e

� 0.122 �RDF150p; ð1Þ

N ¼ 78; R2 ¼ 0.667; S ¼ 0.498; F ¼ 20.010;

p < 10�5; q2LOO ¼ 0.581; SLOO ¼ 0.559;

q2LGO ¼ 0.577; SLOO ¼ 0.534;

where �log (IC50) is the studied property, N is the num-
ber of compounds included in the model, R2 is the cor-
relation coefficient, S is the standard deviation of the
regression, F is the Fisher ratio, p is the significance of
the variables in the model, q2LOO and q2LGO are the corre-
lation coefficients of the LOO and LGO cross-valida-
tion, respectively, and SLOO and SLGO are the
standard deviations of the LOO and LGO cross-valida-
tion, respectively. This seven-variable RDF QSAR mod-
el (MRA 1) explains only about 67% of inhibitory
activities with a discrete predictive power measured by
q2 values of LOO and LGO > 0.5. As regards the poor
statistical quality of the model MRA 1, we attempted
to improve its reliability by removing some compounds
having large residual activities as outliers.

An outlier to a QSAR is identified normally by having a
large standard residual and can indicate the limits of



Table 1. Chemical structures of thiol and non-thiol FTIs, and experimental and predicted inhibitory activities by linear model MRA 1 and non-linear

model BRANN 2

N
H

N
H

O

O
R1

O

SH

NH2

Compound R1 �log(IC50)
a R1 �log(IC50)

a

Exp. MRA 1 BRANN 2 Exp. MRA 1 BRANN 2

1 3.187 3.681 3.207
X

2 –CH3 2.119 2.513 2.490 16 X = –CH3 4.114 3.458 3.340

3 2.066 1.784 1.861 17 X = –Cl 3.979 3.327 3.740

4

O

O
2.745 2.890 2.976 18 X = –Br 4.119 4.106 4.187

5

O

OH
3.155 2.986 3.222 19 X = –NO2 3.939 3.484 3.918

6
O

OMe
2.620 3.092 2.688 20 X = –CF3 3.140 3.819 2.992

7
O

OH
3.260 2.824 3.126 21 X = –OCH3 3.264 3.256 3.488

8 2.321 2.419 2.611 22 X = –Ph 2.703 3.620 3.201

9 2.889 2.644 2.641 X

X

10

O

2.848 3.443 3.053 23 X = 2,4-di-Cl 3.921 3.531 3.684

11 2.337 2.599 2.507 24 X = 3,4-di-Cl 3.319 3.398 3.490

12 3.420 3.861 3.506 25 X = 2,6-di-Cl 3.469 3.271 2.987

13 3.337 3.304 3.499 26 X = 3,5-di-Cl 3.272 2.993 2.746

14 3.398 3.617 3.231 27 X = 2,5-di-Cl 2.620 3.374 3.121

15 3.268 3.474 3.213 28 X = 2,3-di-Cl 3.377 3.495 3.137

R
29 R = –CH3 4.071 3.632 3.885

30 R = –Ph 4.000 3.449 4.300
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Table 1. (continued)

N
H

N
H

O

O
S R1

SH

NH2

O
O

R1 �log(IC50)
a R1 �log(IC50)

a

Exp. MRA 1 BRANN 2 Exp. MRA 1 BRANN 2

31 3.187 3.753 3.248 32 4.444 3.796 4.316

N
H

N
H

R1

OO

O

R1 �log(IC50)
b R1 �log(IC50)

b

Exp. MRA 1 BRANN 2 Exp. MRA 1 BRANN 2

33 2.620 2.453 2.205 37

O

O
2.201 2.637 2.612

34 3.939 3.072 3.803 38 2.000 2.702 2.197

35 2.252 2.962 2.262 39

N

S
3.119 3.633 3.598

36
N

2.824 3.344 3.459 40
N

O

3.959 3.888 3.785

N
H

N
H

O

R2

O

O

O

NO2

R2 �log(IC50)
c R2 �log(IC50)

c

Exp. MRA 1 BRANN 2 Exp. MRA 1 BRANN 2

41 3.910 3.822 4.085 53
CF3

4.585 5.019 4.743

(continued on next page)
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Table 1. (continued)

R2 �log(IC50)
c R2 �log(IC50)

c

Exp. MRA 1 BRANN 2 Exp. MRA 1 BRANN 2

42 5.222 3.978 4.767 54

CF3

4.854 4.182 4.911

43 4.398 4.324 4.435 55
NO2

3.867 4.376 4.177

44 5.301 4.035 4.864 56

Cl

Cl

4.036 4.169 4.260

45
O

4.456 4.407 4.315 57 3.333 3.627 3.271

46 4.456 4.245 4.827 58 3.733 3.849 3.263

47 4.237 4.481 4.304 59 5.222 5.097 4.954

48 3.686 4.013 4.226 60 5.097 4.523 4.870

49
F

4.824 4.302 4.551 61 5.155 5.015 4.949

50
Cl

3.991 4.182 4.177 62

CH3

4.796 5.121 4.584

51
Br

4.301 4.276 4.097 63 3.181 4.004 3.231

52

Br

4.824 5.003 4.771 64

Cl
3.932 3.852 4.150

N
H

N
H

O

R2

O

NO2

O

R2 �log(IC50)
d R2 �log(IC50)

d

Exp. MRA 1 BRANN 2 Exp. MRA 1 BRANN 2

65 3.629 3.161 3.788 72 4.357 4.072 4.215
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Table 1. (continued)

R2 �log(IC50)
d R2 �log(IC50)

d

Exp. MRA 1 BRANN 2 Exp. MRA 1 BRANN 2

66 4.056 3.735 3.764 73

Br

4.187 4.220 4.082

67 4.181 3.271 4.148 74

CF3

4.377 4.641 4.096

68
O

3.011 3.542 3.722 75 4.168 4.246 3.678

69
Cl

3.084 3.462 3.274 76 3.022 3.506 3.431

70
Br

4.337 3.500 4.218 77 4.284 3.921 4.427

71
CF3

4.301 4.454 4.342 78 3.678 3.667 3.409

a From Ref. 2.
b From Ref. 31.
c From Ref. 39.
d From Ref. 6.

Figure 1. Alignment between the farnesyltransferase inhibitor 1 and

the enzyme-bound conformation of N-acetyl-Cys-Val-Ile-sele-

noMetOH (PDB 1QBQ).
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applicability of QSAR models.29 There are several rea-
sons for their occurrence in QSAR studies; for example,
chemicals might be acting by a mechanism different from
that of themajority of the data set. It is also likely that out-
liers might be a result of a random experimental error that
could be significant when analyzing the large data sets.
Although it is acceptable to remove a small number of
outliers from the QSAR,30 it is noted that it is not accept-
able to remove the outliers repeatedly from aQSAR anal-
ysis simply for improving a correlation. In the current
work, the compounds 42 and 44 present large residuals
(>1.0) and should be considered as outliers. At removal
of these compounds from the training set, the next equa-
tion is obtained:
� logðIC50Þ ¼ 1.436� 0.083 �RDF040u� 0.106

�RDF140uþ 0.191 �RDF140m

þ 0.060 �RDF090vþ 0.179

�RDF125vþ 0.666 �RDF050e

� 0.122 �RDF150p; ð2Þ

N ¼ 76; R2 ¼ 0.701; S ¼ 0.453; F ¼ 23.072;

p < 10�5; q2LOO ¼ 0.618; SLOO ¼ 0.514;

q2LOO ¼ 0.616; SLOO ¼ 0.498.

The reliability of the linear model increased when delet-
ing the outliers, as reflected by the statistical quantities
of Eq. 2. This linear model describes about 71% of data
variance, and more importantly it shows a higher pre-
dictive power than model 1 (Eq. 1) measured by q2 val-
ues of LOO and LGO > 0.6. However, the removed
outliers, compounds 42 and 44, are the most active FTIs
in our data.

It is well-known that inhibition of FT involves coordina-
tion with a zinc ion in the enzyme active site for thiol
inhibitors; however, non-thiol inhibitors present differ-
ent main interactions involving matching to hydropho-
bic moieties on the enzyme active site cavity.6,31 Since
different mechanisms should govern enzyme inhibition
by each inhibitor type, we tried to obtain separate mod-
els for the 32 thiol and the 46 non-thiol FTIs forming



Table 2. Symbols and definitions of the RDF descriptors appearing in models MRA 1, MRA2, MRA3, MRA 4, and BRANN 2

Symbol Definition

RDF025u Radial distribution function at 2.5 Å/unweighted

RDF040u Radial distribution function at 4.0 Å/unweighted

RDF065u Radial distribution function at 6.5 Å/unweighted

RDF080u Radial distribution function at 8.0 Å/unweighted

RDF140u Radial distribution function at 14.0 Å/unweighted

RDF015m Radial distribution function at 1.5 Å/weighted by atomic masses

RDF055m Radial distribution function at 5.5 Å/weighted by atomic masses

RDF065m Radial distribution function at 6.5 Å/weighted by atomic masses

RDF085m Radial distribution function at 8.5 Å/weighted by atomic masses

RDF110m Radial distribution function at 11.0 Å/weighted by atomic masses

RDF125m Radial distribution function at 12.5 Å/weighted by atomic masses

RDF135m Radial distribution function at 13.5 Å/weighted by atomic masses

RDF140m Radial distribution function at 14.0 Å/weighted by atomic masses

RDF090v Radial distribution function at 9.0 Å/weighted by van der Waals volumes

RDF110v Radial distribution function at 9.0 Å/weighted by van der Waals volumes

RDF125v Radial distribution function at 12.5 Å/weighted by van der Waals volumes

RDF150v Radial distribution function at 15.0 Å/weighted by van der Waals volumes

RDF025e Radial distribution function at 2.5 Å/weighted by Sanderson electronegativities

RDF035e Radial distribution function at 3.5 Å/weighted by Sanderson electronegativities

RDF050e Radial distribution function at 5.0 Å/weighted by Sanderson electronegativities

RDF070e Radial distribution function at 7.0 Å/weighted by Sanderson electronegativities

RDF135e Radial distribution function at 13.5 Å/weighted by Sanderson electronegativities

RDF155e Radial distribution function at 15.5 Å/weighted by Sanderson electronegativities

RDF150p Radial distribution function at 15.0 Å/weighted by atomic polarizabilities
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our data set using the RDF descriptors. Similar to the
full data set MRA model, two optimum linear models
were built for the thiol FTIs, model MRA 3 (Eq. 3)
and non-thiol FTIs, model MRA 4 (Eq. 4), having six
and seven variables, respectively, and such equations
are reported below:

� logðIC50Þ ¼ �4.434� 0.205 �RDF150uþ 0.280

�RDF015mþ 0.100 �RDF110m

þ 0.108 �RDF025e� 0.060

�RDF035e� 0.137 �RDF135e; ð3Þ
N ¼ 32; R2 ¼ 0.884; S ¼ 0.234; F ¼ 31.702;

p < 10�5; q2LOO ¼ 0.804; SLOO ¼ 0.304;

q2LOO ¼ 0.751; SLGO ¼ 0.313;
� logðIC50Þ ¼ 3.586þ 0.128 �RDF025u� 0.152

�RDF065u� 0.243 �RDF080u

þ 0.184 �RDF125m� 0.255

�RDF150vþ 0.089 �RDF070e

þ 0.098 �RDF155e; ð4Þ

N ¼ 46; R2 ¼ 0.792; S ¼ 0.407; F ¼ 20.714;

p < 10�5; q2LOO ¼ 0.703; SLOO ¼ 0.487;

q2LOO ¼ 0.700; SLOO ¼ 0.448.

As it can be observed, both models show higher statisti-
cal significances in comparison to linear models MRA 1
and MRA 2. Remarkably, model MRA 3 and MRA 4
have improved predictive powers exhibiting q2 values
>0.7. This result pointed out that the more similar the
mechanism of action of the chemicals on the fitted data,
the more reliable the linear relationship that can be
established between the RDF molecular descriptors
and the FT inhibitory activities. Indeed, this fact consti-
tutes a drawback of the linear QSAR studies that limited
range of applications. The linear relationship here ob-
tained for the whole data is unable to completely solve
the convolute dependences between molecular descrip-
tors and the biological activities that appear in the mul-
tifactor and partially hitherto unknown mechanisms of
inhibition of the FT enzyme.

2.2. Genetic neural network analysis

Since biological interactions are non-linear by nature, an
aim of this work was to find a reliable non-linear model
for the inhibition of farnesyltransferase. Taking into ac-
count the poor statistical significance of model MRA 1,
we expected to find adequate combinations of seven
variables for reliable modeling of the FT inhibitory
activity by means of the GNN approach using the calcu-
lated RDF descriptors. In spite of the unfit behavior of
compounds 42 and 44 in the MRA analysis, inside the
GNN framework, networks were trained with the whole
data set with the aim of looking for a non-linear model
that fits all the compounds under investigation well. The
implemented GA searches for the best fitted BRANN, in
such a way that from one generation to another the
algorithm tried to minimize the MSE of the networks
(fitness function). By employing this approach, instead
a more complicated and time-consuming cross-valida-
tion-based fitness function, we gain in CPU time and
simplicity of the routine. Furthermore, we can devote
a whole data set to train the networks. However, the
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use of a MSE fitness function could lead to undesirable
well-fitted albeit poorly generalized networks as algo-
rithm solutions. In this connection, we tried to avoid
such results by following two aspects: 1) keeping net-
work architectures as simplest as possible (7-3-1) inside
the GA framework and 2) implementing Bayesian regu-
lation in the network training function (Section 3.4).

In addition to the best seven-input BRANN predictor
with a 7-3-1 architecture yielded by the GA routine,
Table 3 shows the structures and statistics of several
networks obtained by a screening process in which the
number of hidden nodes in the initial predictor was
varied with the aim of optimizing the reliability of the
Table 3. Statistics of the non-linear predictors for the FT inhibitory activity

appears in boldface

Descriptors BRANN model Hidd. nod. Num. par. Opt.

RDF055m 1 2 19 12

RDF065m 2 3 28 25

RDF085m 3 4 37 31

RDF125m 4 5 46 37

RDF135m 5 6 55 41

RDF140m 6 7 64 45

RDF110v 7 8 73 45

Hidd. nod. represents the number of hidden nodes, Num. par. represents the n

number of neural network parameters yielded by the Bayesian regularization,

q2LOO and q2LGO are the square correlation coefficients of the predictions in the

the data fitting in the model, and SLOO and SLGO are the standard deviation

1.5 2.0 2.5 3.0 3.5 4.0 4.5 5.0 5.5
1.5

2.0

2.5

3.0

3.5

4.0

4.5

5.0

5.5

O
bs

er
ve

d 
A

ct
iv

ity

Predicted Activity

1.5 2.0 2.5 3.0 3.5 4.0 4.5 5.0 5.5
1.5

2.0

2.5

3.0

3.5

4.0

4.5

5.0

5.5

O
bs

er
ve

d 
A

ct
iv

ity

Predicted Activity

MRA 1 
Thiol and non-thiol FTIs
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Figure 2. Plots of observed versus predicted �log(IC50) FT inhibitory activity

(A), MRA 4 (B), and MRA 1 (C) including thiol inhibitors, non-thiol inhibi

(D) including the whole data set. The dotted lines are an ideal fit, with the r
networks. Symbols and definitions of the descriptors
are given in Table 2. As can be observed, three hidden
node network was the optimum predictor exhibiting
R2, q2 of LOO and q2 of LGO values of 0.874, 0.701,
and 0.674, respectively. Increasing the number of
neurons in the hidden layer causes a gradual decrease
in predictive power of the BRANNs, previously
observed by Burden and Winkler.32 On the contrary,
two hidden nodes are not sufficient for reliably solving
the non-linear relationship between RDF descriptors
and the activity. As reported in Table 3, the number
of optimum parameters yielded by the Bayesian regular-
ization was asymptotic, with a maximum number of
optimum parameters equal to 45. However, the best
of the thiol and non-thiol FTIs. Optimum neural network predictor

par. R2 S q2LOO SLOO q2LGO SLGO

0.582 0.530 0.386 0.647 0.423 0.632

0.874 0.291 0.701 0.450 0.674 0.470

0.894 0.268 0.601 0.530 0.605 0.532

0.918 0.236 0.654 0.492 0.620 0.530

0.923 0.221 0.553 0.588 0.511 0.632

0.943 0.197 0.491 0.634 0.475 0.645

0.940 0.202 0.489 0.632 0.472 0.641

umber of neural network parameters, Opt. par. represents the optimum

R2 is the square correlation coefficient for the data fitting in the model,

LOO and LGO cross-validation process, S is the standard deviation of

s of the predictions in the LOO and LGO cross-validations.
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Thiol and non-thiol FTIs
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Non-thiol FTIs 

of thiol (d) and non-thiol (s) FTIs according to linear models MRA 3

tors and whole data set, respectively, and non-linear model BRANN 2

espective intercept and slope equal to 0 and 1.
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predictor with three hidden nodes exhibits an optimum
number of parameters equal to 25 for an initial number
of parameters equal to 28.

It should be noted that statistical parameters of data fit-
ting for predictor BRANN 2 are of higher quality than
the statistics reported forMRAmodels for thewhole data
set. Furthermore, it is noteworthy to observe an improve-
ment in the parameters of LOO and LGO cross-valida-
tions, taking into account that this optimum non-linear
predictor containing the whole data set has LOO and
LGO q2 values of about 0.7, whilst linear models MRA
1 and MRA 2 have poorer q2 values of about 0.6.

Figure 2 shows plots of the observed versus predicted FT
inhibitory activity of MRA models 1, 3, and 4 as well as
for non-linear predictor BRANN 2. As can be observed
in Figures 2A and B, an MRA approach is able to yield
two well-fitted models for thiol and non-thiol inhibitors
separately. However, Figure 2C confirms that this linear
method poorly fits the whole data set. On the other hand,
the plot in Figure 2D depicts that the neural network is
able to fit the whole data set with accuracy higher than
those of the MRA models. Meanwhile, predictor
BRANN 2 describes approximately 90% FT inhibitory
activity variance,while theMRAapproach describes only
about 70% of the whole data set and even deleting two
outliers.

2.3. Kohonen self-organizing map

With the aim of settling some structural features related
to the activity of the studied compounds, variables in
predictor BRANN 2 were used to obtain a topological
map of the FT inhibitory activity. Figure 3 shows the
Figure 3. Kohonen self-organizing map of the �log(IC50) FT inhibitory ac

Circles depict zones 1, 2, and 3 in the map grouping compounds with comm
10 · 10 KSOM of the data; 63 of a total of 100 neurons
were occupied. As it is observed, compounds with a sim-
ilar range of activity were grouped into neighboring
areas. The less active compounds are grouped in the
upper-left diagonal half region, whilst the most active
compounds are grouped in the lower-right diagonal half
region. A total of eight neurons were classified as �con-
flictive neurons� in which compounds were misallocated,
and such neurons are pointed out in the map by a cross.
Some structural similarities can be addressed among
compounds allocated in neighboring neurons. Low ac-
tive compounds, including thiol derivatives with small
and hydrophobic substituents at position R1, com-
pounds 2, 3, 4, 8, 9, 10, and 31, appear at the upper-left
zone of the map (zone 1). On the other hand, in the low-
er-middle zone (zone 2) are located highly active non-
thiol compounds 41, 42, 43, 44, 45, 46, 47, 49, 50, 62,
and 64, which present as common feature a monosubsti-
tuted phenyl or benzyl substituents at position R2. At
the same time, compounds with bulkier R2 substituents,
compounds 52, 53, 55, 56, 59, 60, 61, and 72, but having
a similar range of high inhibitory activity as compounds
in zone 2 are grouped at the lower-right zone (zone 3).

2.4. Models� interpretation

Little has been done on the modeling of FT inhibition by
the QSAR approach. However, Polley et al. recently
reported a broad Bayesian neural network QSAR study
on a large data set of about 2000 FTIs33 in which the
importance of subtle hydrophobic effects in the binding
site was reflected. In this paper, the authors made a com-
prehensive review of the �state of the art� concerning FT
inhibition modeling. They mentioned that the most of
the previous QSAR works on FTIs are focused on small
tivity of thiol and non-thiol FTIs. Crosses mean conflictive neurons.

on structural features having similar range of inhibitory activities.
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data sets, having highly congeneric series of molecules34–
37 or reported models that are qualitative rather than
quantitative such as the TOPS-MODE model reported
by Estrada et al. for the anticancer activity of FTIs.38

Our results well agree with the report of Polley et al., in
which they showed that modeling of FT inhibition using
MRA yielded models of lower quality than with the
BRANN they used. In this connection, similar to their
results, we obtained a linear model describing about
70% of whole data set variance, whilst our best BRANN
model is able to describe about a 90% but having a
slightly lower predictive power with q2 values of about
0.70 in comparison with the value of 0.76 reported by
Polley et al. for their BRANN model. However, our
non-linear predictor overcomes in predictive power the
previous linear models cited by those authors with q2

values of about 0.5–0.6. This fact strongly supports
the thesis pointed out by Polley et al.33 suggesting that
FT inhibition has a nonlinear component.

Interpreting aQSARmodel in terms of the specific contri-
bution of substituents and other molecular features to the
modeled activity is always a difficult task. In this paper,
RDF descriptors in linear model MRA 1 suggest the
occurrence of some linear dependence between the inhib-
itory activity of the thiol and non-thiol compounds, and
the 3Dmolecular distribution ofmass, van derWaals vol-
ume, polarizability, and electronegativity calculated at ra-
dii ranging from 4.0 to 15.0 Å from the geometrical center
of eachmolecule. Since themaximummolecular radius of
the compounds in our data set is about 15.0 Å, we con-
clude that model MRA 1 includes contributions from
both inner and outer parts of the inhibitormolecules. This
fact well agrees with docking studies performed on FTIs
in which the peptidomimetic inhibitor should match into
a multiresidue cavity resembling the C-terminal amino
acids of the CAAX-consensus of substrate proteins.2

The GA-based MRA extracted the linear contributions
to the FT inhibition of mass, van der Waals volume,
polarizability, and electronegativity distributions. How-
ever, beyond the interpretation made, the linear model
obtained showed poor predictive power, even when two
outlierswere removed. The fact that better behaviorswere
achieved when modeling the inhibition by thiol and non-
thiol compounds separately suggests that the complexity
of the inhibition of FT enzyme is out of the range of a suc-
cessful application of the MRA approach.

On the contrary, in this study, ANNs provided a closer
approximation to the biological phenomenon by yielding
a more reliable model. The optimum non-linear model
also includes contributions from the inner to outer parts
of the inhibitor structure. Interestingly, predictor
BRANN 2 includes RDF descriptors calculated at radii
ranging from 5.5 to 14.0 Å (Table 3), very much similar
to the RDF descriptors in the linear modelMRA 1. How-
ever, a noteworthy but main difference arises. Among the
seven descriptors in the non-linear model, one is weighted
by the van der Waals volume, while the other six descrip-
tors appear to be weighted just by atomic masses. This re-
sult contrasts with the fact that the linear model includes
contributions of all the atomic properties here tested. The
neural network is able to establish a reliable non-linear
dependence between descriptors just encoding the size
and shape of the studied molecules and their inhibitory
activities. This fact strongly suggests that the main fea-
tures controlling the inhibition of FT are the molecular
size and shape of the inhibitor rather than the electroneg-
ativity and/or the polarizability properties of the whole
molecule or a specific substituent.

To put some light on the meaning of RDF descriptors,
here found relevant for non-linear modeling of the FT
inhibition, Figure 4 shows an approximate representation
of the sixmass-weighted descriptors for themost (Fig. 4A)
and less (Fig. 4B) active compounds in our data set. As
can be observed, the main difference between these com-
pounds is the mass distribution in the outer parts of the
molecule, specifically at radii ranging from 12.0 to
14.0 Å. This result well agrees with docking studies on
non-thiol FTIs in which the ability of the hydrophobic
outsider substituents of the inhibitor for properly match-
ing into a complex multi-binding pocket is the main inter-
action governing its inhibitory efficiency.6,31

In a general way, our results support previous reports on
FT inhibition showing that the ability for coordinating
the zinc ion in the enzyme active site is relegated to a sec-
ondary place according to our non-linear model. In this
regard, the occurrence of a favorable hydrophobic
matching on the active site cavity is more important
than the interaction with the metal ion for displaying
and enhanced inhibitory activity.

2.5. Concluding remarks

Since biological phenomena are complex bynature, in this
work the inhibition of FT enzyme by a set of 78 thiol and
non-thiol inhibitors was successfully modeled using a hy-
brid approach that combines GA and ANNs. An MRA
approach is unable to successfully solve the modeled
activity. However, RDF descriptors have been demon-
strated to encode relevant non-linear structural informa-
tion. In this sense, ANN was able to describe about 87%
inhibitory activity variance with a relevant predictive
powermeasured by q2 values of LOOandLGO cross-val-
idation of about 0.7.According to their activity levels, thi-
ol and non-thiol FTIs were well-distributed in a
topological map built with the seven inputs of the opti-
mum ANN. Furthermore, the appearance in the neural
network predictor of RDF descriptors weighted by mass
and van der Waals volume suggested the occurrence of a
strong dependence of the FT inhibition on the molecular
shape and size rather than from electronegativity or
polarizability characteristics of the studied compounds.
3. Materials and methods

3.1. The radial distribution function approach

The 3D coordinates of the atoms of molecules can be
transformed into a structure code that has a fixed number
of descriptors, irrespective of the size of a molecule. This
task is performed by a structure coding technique referred
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to as radial distribution function code (RDF code).24,25 In
general, there are some prerequisites for a structural code:

• independence from the number of atoms, that is, the
size of a molecule,

• unambiguity regarding the three-dimensional
arrangement of the atoms, and

• invariance against translation and rotation of the
entire molecule.

Formally, the radial distribution function of an ensem-
ble of N atoms can be interpreted as the probability dis-
tribution to find an atom in a spherical volume of radius
r.26 The equation represents the radial distribution func-
tion code as it is used in this investigation:
gðrÞ ¼ f
XN�1

i

XN

j>1

AiAje�Bðr�rijÞ2 ; ð5Þ

where f is a scaling factor and N is the number of atoms.
By including characteristic atomic properties A of the
atoms i and j, the RDF codes can be used in different
tasks to fit the requirements of the information to be
represented. The exponential term contains the distance
rij between the atoms i and j, and the smoothing param-
eter B that defines the probability distribution of the
individual distances. g(r) was calculated at a number
of discrete points with defined intervals. The atomic
properties Ai and Aj used in this equation enable the dis-
crimination of the atoms of a molecule for almost any
property that can be attributed to an atom. Such distri-
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bution function provides, besides information about
interatomic distances in a whole molecule, the opportu-
nity to gain access to other valuable information, for
example, bond distances, ring types, planar and non-
planar systems, and atom types. This fact is the most
valuable consideration for a computer-assisted code elu-
cidation. The radial distribution function in this form
meets the entire requirement mentioned above, especial-
ly invariance against linear translations.

3.2. Data set and molecular descriptors

In the present study, a data set of 78 FTIs for which
their activities are reported in the literature2,6,31,39 was
used. In such reports, the inhibitory activity was deter-
mined using the fluorescence enhancement assay as de-
scribed by Pompliano et al.40 The assay employed
yeast FT fused to glutathione S-transferase at the N-ter-
minus of the b-subunit.40 Farnesylpyrophosphate and
the dansylated pentapeptide Ds-GlyCysValLeuSer were
used as substrates. On farnesylation of the cysteine thiol,
the dansyl residue is placed in a lipophilic environment,
resulting in an enhancement of fluorescence at 505 nm
used to monitor the enzyme reaction. Molecular struc-
tures, numbering of the substituents, and activities of
the FTIs are given in Table 1. IC50 refers to the millimo-
lar concentration of the compound required for 50%
inhibition of the enzyme activity.

In this way, we carry out geometry optimization calcula-
tions for each compound of this study using the quan-
tum chemical semi-empirical method PM341 included
in Mopac 6.0 computer software.42 Dragon43 computer
software was employed to calculate the RDF molecular
descriptors at radius ranging from 1.0 to 15.5 Å with
radius increments of 0.5 Å. As weighting properties we
tried all available properties in the Dragon software
(atomic masses, atomic van der Waals volumes, atomic
Sanderson electronegativities and atomic polarizabili-
ties) in such a way that a total of 150 descriptors were
computed.25,26

3.3. Variable selections

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 ANNs.17–23

Since 150 RDF molecular descriptors were available for
the QSAR analysis and only a subset of them is statisti-
cally significant in terms of correlation with biological
activities, deriving an optimal QSARmodel through var-
iable selection needs to be addressed. In this sense, linear
and non-linear GA searches were carried out for building
the optimum linear and non-linear models. GAs are sto-
chastic optimization methods that have been inspired by
evolutionary principles. The distinctive aspect of a GA is
that it investigates many possible solutions simulta-
neously, each of which explores different regions in
parameter space.18 The first step is to create a population
of models. These models mate with each other, mutate,
crossover, reproduce, and then evolve through successive
generations toward an optimum solution.

The GA implemented in this paper is a version of the So
and Karplus algorithm17 that was previously reported
by us23 and was programmed within the Matlab envi-
ronment44 using Genetic Algorithm and Neural Net-
works Tool Boxes.45,46

3.4. Regularized-artificial neural networks

In contrast to common statistical methods, Artificial
Neural Networks (ANNs) are not restricted to linear
correlations or linear subspaces.47 They take into ac-
count non-linear structures and structures of arbitrarily
shaped clusters or curved manifolds. 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 continu-
ous function, according to Kolmogorov�s theorem.48 As
biological phenomena are considered non-linear by nat-
ure, the ANN technique has been successfully applied to
discover the possible existence of non-linear relation-
ships between biological activity and molecular descrip-
tors that are ignored for the linear approach.49

Typically, neural network training aims to reduce the
mean square errors of the network F = MSE. Regulari-
zation involves modifying the performance function,
usually known as cost function (F). It is possible to im-
prove generalization if an additional term is added:

F ¼ b�MSEþ a�MSW; ð6Þ
where MSW is the sum of squares of the network
weights and biases, and a and b are objective function
parameters. The relative size of the objective function
parameters dictates the emphasis for training, getting a
smoother network response. MacKay�s bayesian regu-
larization automatically sets the correct values for the
objective function parameters,50 in this sense the regu-
larization is optimized.

Bayesian regularization overcomes the remaining defi-
ciencies of neural networks.50 By using Bayesian regu-
larization, robust models well matched to the data and
able to make accurate predictions can be obtained. Since
the algorithm automatically regularizes the training pro-
cess usually non validation set recurs so all the data set
can be devoted to train the network.32 The Bayesian
neural net has the potential to give models that are rel-
atively independent of neural network architecture,
above a minimum architecture, and the Bayesian regu-
larization method estimates the number of effective
parameters. Bayesian regularized ANNs (BRANNs)
have been successfully used on the QSAR studies of bio-
logical activities and specifically in drug discovery.32,51,52

Our BRANNs are classical back-propagation neural
nets that incorporate the Bayesian regularization algo-
rithm for finding the optimum weights. The Bayesian
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regularization takes place within the Levenberg–Marqu-
ardt algorithm46 implemented in Matlab environment.
The input and output values were normalized prior net-
work training.

3.5. Self-organizing maps

To settle structural similarities among the FTIs a Koho-
nen self organizing map (KSOM) was built. Kohonen53

introduced a neural network model that generates
KSOMs. In such maps, molecules with similar descriptor
vectors are projected into the same or closely adjacent
neurons.54 These networks have been widely used for
addressing structural similarities among chemical data
sets.55

In this work, KSOMs were implemented in a Matlab
environment; neurons were initially located at a grid
topology. The ordering phase was developed in 1000
steps with 0.9 learning rate, until tuning neighborhood
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.46

3.6. Validation of the models

Linear and non-linear models obtained were validated by
calculating q2 values. The q2 values are calculated from
�leave-one-out� (LOO) and �leave-group-out� (LGO)
cross–validation process. One data point or a group of
data points (specifically 6 data points for whole data
set models and 4 data points for partial data set models)
are removed from the data set and the model recalculat-
ed; the predicted values for those points are then com-
pared to its experimental values. This is repeated until
each datum has been omitted once; the sum of squares
of these deletion residuals can then be used to calculate
q2, an equivalent statistic toR2. The q2 values can be con-
sidered a measure of the predictive power of a regression
equation: whereas R2 can always be increased artificially
by adding more parameters (descriptors), q2 decreases if
a model is overparameterized,28 and is therefore a more
meaningful summary statistic for QSAR models.
Acknowledgments

The authors would like to acknowledge to Professor
Martin Schlitzer andProfessorDavidWinkler for provid-
ing valuable information regarding FTIs and BRANNs,
respectively. The useful comments of the anonymous
referees that greatly helped to improve the quality of the
manuscript are also gratefully acknowledged.
References and notes

1. Sebti, S. M.; Hamilton, A. D. Drug Discovery Today 1998,
3, 26.
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