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Abstract—A three-dimensional pharmacophore model was developed based on 25 currently available inhibitors, which were care-
fully selected with great diversity in both molecular structure and bioactivity as required by HypoGen program in the Catalyst soft-
ware, for discovering new farnesyltransferase (FTase) inhibitors. The best hypothesis (Hypo1), consisting of four features, namely,
two hydrogen-bond acceptors, one hydrophobic point, and one ring aromatic feature, has a correlation coefficient of 0.949, a root-
mean-square deviation of 1.321, and a cost difference of 163.15, suggesting that a highly predictive pharmacophore model was suc-
cessfully obtained. The application of the model shows great success in predicting the activities of 227 known FTase inhibitors in our
test set with a correlation coefficient of 0.776 with a cross-validation of 98% confidence level. Accordingly, our model should be
reliable in identifying structurally diverse compounds with desired biological activity.
� 2006 Elsevier Ltd. All rights reserved.
Significant progress in cancer chemotherapy has been
made in recent years with the introduction of novel
drugs such as taxol. However, the side effects associated
with cytotoxic drugs can deprive patients of a good
quality of life and result in a poor therapeutic outcome.
As a result, considerable research has recently been
devoted to the development of non-cytotoxic anticancer
therapy.

Interest in protein farnesyltransferase (FTase) as a po-
tential cancer target was initiated by the observation
that the protein product of the ras oncogene required
farnesylation for biological function.1,2 So, over the last
two decades protein prenylation has been the subject of
intense study and has been found to be critical for the
function of key ras proteins involved in signal transduc-
tion.3,4 Because ras proteins play a critical role in signal
transduction pathways that control cell growth, differen-
tiation, and apoptosis,1,5 mutants of human ras proteins
are found in 20–30% of all human cancers,6–8 with an
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extraordinarily high prevalence in selected cancer tissues
such as pancreatic (90%), colorectal (50%), and lung
(40%).9 Posttranslational modification of proteins by
prenylation is an essential step for biological function
of ras proteins. Both the regulated and unregulated
oncogenic transforming activities of ras require its phys-
ical association with the proximal side of the plasma
membrane.10 So prenylation is a form of lipid modifica-
tion in which either a C-15 farnesyl or C-20 geranylgera-
nyl group is covalently attached via a thioether linkage
to the cysteine residue of proteins near the carboxyl ter-
minus. This posttranslational modification is catalyzed
by FTase. FTase inhibitors (FTIs) block incorporation
of farnesyl diphosphate (FPP) into ras and cause rever-
sion of ras transformed cells.11 Indeed, FTIs have been
shown to inhibit the growth of a variety of human tu-
mor lines in cell culture and, more recently, to have clin-
ical efficacy for the treatment of several cancers.12

As a number of groups have been pursuing FTIs, a wide
range of structural classes have been identified and
showed to be somewhat effective in inhibiting FTase
activity in human.13–28 These inhibitors in different clas-
ses possess different scaffolds. Thus, quantitative struc-
ture–activity relationship (QSAR) for different classes
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of inhibitors could be useful in digging out valuable
information for developing new potent FTase inhibitors.
It is widely accepted that pharmacophore model is a
well-behaved approach to quantitatively explore com-
mon chemical characteristics among a considerable
number of structures with great diversity, and qualified
pharmacophore model could also be used as a query
for searching chemical databases to find new chemical
entities. Kaminski and his colleague developed a phar-
macophore model by 35 FTase inhibitors, but only with
training set and without statistical validation.24 FTase
has being a promising anticancer target, therefore, new
information about structure–activity relationship based
on more compounds with greater diversity in their struc-
tures and activities should be helpful in discovering new
FTase inhibitors. In this study, we present a hypotheti-
cal image of the primary pharmacophore features
responsible for the bioactivity of different classes of
FTase inhibitors using the Catalyst software,29–31 with
aims to understand the inhibitory mode of various clas-
ses of FTase inhibitors and to discover new anticancer
drug leads.

Materials. A set of 252 different compounds has been
collected from different references,13–26,28 which involves
most class of FTase inhibitors. The datasets are divided
into a training set and a test set. We selected 25 com-
pounds as training set with the following rules: (a) Both
training and test sets should have structure from similar
class of compounds and cover the classes as wide as pos-
sible to ensure structural diversity; (b) Both training and
test sets should cover the molecular bioactivities (IC50)
as wide as possible; (c) The most active compounds
should be included because they provide critical infor-
mation on pharmacophore requirements. The training
set consists of 25 compounds with significant structural
diversity and wide coverage of molecular bioactivities in
terms of IC50 ranging from 0.06 nM to 724 lM (Fig. 1
and Table 2). To validate our pharmacophore hypothe-
sis, 227 compounds with available IC50 values were used
as a test set (Table S1 and Figure S1).

The compounds were built using Catalyst 2D–3D
sketcher,29 and a family of representative conformations
was generated for each compound using the best confor-
mational analysis method with Poling algorithm32 and
CHARMM force field parameters.33 A maximum num-
ber of 250 conformations of each compound were select-
ed using ‘best conformer generation’ option with a
constraint of 20 kcal/mol energy thresholds above the
minimum conformer searched to ensure maximum
coverage of the conformational space.

Pharmacophore generation. Based on the conformations
for each compound, Catalyst4.10 software package29

was employed to construct possible pharmacophore
models. Hypothesis generation in Catalyst has three
steps, which is constructive phase, subtractive phase,
and optimization phase, respectively. Catalyst identifies
actives in constructive phase, while it identifies inactives
in subtractive phase. Then in optimization phase, Cata-
lyst attempts to minimize a cost function consisting of
two terms. One penalizes the deviation between the
estimated activities of the training set molecules and
their experimental values; the other penalizes the com-
plexity of the hypothesis. The generation process stops
when the optimization no longer improves the score.
Uncertainty influences the first step, called the construc-
tive phase, in the hypothesis generating process.34 The
default uncertainty value of 3 was used for the com-
pound activity, representing the ratio of the uncertainty
range of measured biological activity against the actual
activity for each compound. Analysis of functional
groups on each compound in the training set and try
and error revealed that three chemical features, viz.,
hydrogen-bond acceptors (HA), hydrophobic group
(HY), and ring aromatic group (RA), could effectively
map all of the critical chemical features. Hence, the three
features were selected to form the essential information
in this hypothesis generation process.

HypoGen mode. Pharmacophores were computed by
HypoGen encoded in Catalyst4.1029 and top 10 hypoth-
eses (Table 1) were exported finally. Most hypotheses
have high correlation (>0.9). Interestingly, all but one
share same four features: two hydrogen-bond acceptors,
one hydrophobic point, and one ring aromatic feature
(Fig. 2), which shows the stability of the hypotheses,
in other words, reliability. On the basis of the very sim-
ilar composition of the 10 hypotheses, hypothesis 1
(Hypo1), characterized by the best statistical parameters
(Table 1) in terms of its predictive ability, as indicated
by the highest correlation coefficient and lowest RMS
deviations, has been chosen to represent ‘the pharmaco-
phore model’. Remarkably, the three highest active
compounds (compounds 8, 9, and 2 in Table 2) can be
nicely mapped onto the Hypo1 model by the best fit val-
ues, which are shown in Figures 3A–C, indicating that
the Hypo1 model provides reasonable pharmacophoric
characteristics of the FTase inhibitors for components
of their activities.

Cost analysis. In addition to generating a hypothesis,
Catalyst also provides two theoretical costs (represented
in bit units) to help assess the validity of the hypothesis.
The first is the cost of an ideal hypothesis (fixed cost),
which represents the simplest model that fits all data
perfectly. The second is the cost of the null hypothesis
(null cost), which represents the highest cost of a phar-
macophore with no features and which estimates activi-
ty to be the average of the activity data of the training
set molecules. They represent the upper and lower
bounds for the hypotheses that are generated. A gener-
ated hypothesis with a score that is substantially below
that of the null hypothesis is likely to be statistically sig-
nificant and bears visual inspection. The greater the dif-
ference between the cost of the generated hypothesis and
the cost of the null hypothesis, the less likely it is that the
hypothesis reflects a chance correlation. A value of 40–
60 bits between them for a pharmacophore hypothesis
may indicate that it has 75–90% probability of correlat-
ing the data. The total fixed cost of the run is 101.34, the
cost of the null hypothesis is 294.92, and the total cost of
the Hypo1 is 131.77 (Table 1). Then, the cost range
between Hypo1 and the fixed cost is 30.43, while that be-
tween the null hypothesis and Hypo1 is 163.15 (Table 1),



Figure 1. Chemical structures of the 25 training set molecules applied to HypoGen pharmacophore generation.
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which shows that Hypo1 has more than 90% probability
of correlating the data. Noticeably, the total cost of
Hypo1 was much closer to the fixed cost than to the null
cost. Furthermore, a high correlation coefficient of 0.949
was observed with RMS value of 1.321 and the configu-
ration cost of 16.12, demonstrating that we have
successfully developed a reliable pharmacophore model
with high predictivity.

Score hypothesis. To verify Hypo1’s discriminability
among FTase inhibitors with different order of magni-
tude activity, all training set compounds were classified



Table 1. Results of top 10 pharmacophore hypotheses generated using training set

Hypothesis Total cost Cost differencea RMSb Correlation (r) Featuresc

1 131.77 163.15 1.321 0.949 HA, HA, HY, RA

2 146.56 148.36 1.737 0.908 HA, HA, HY, RA

3 146.87 148.05 1.629 0.922 HA, HA, HY, RA

4 147.71 147.21 1.721 0.910 HA, HA, HY, RA

5 150.73 144.19 1.825 0.898 HA, HA, HY, RA

6 150.96 143.96 1.800 0.901 HA, HA, HY, RA

7 151.9 143.02 1.798 0.902 HA, HA, HY, RA

8 156.02 138.90 1.929 0.885 HA, HA, HY, RA

9 156.03 138.89 1.995 0.875 HA, HA, HY, RA

10 161.83 133.09 2.090 0.862 HA, HY, HY, RA

a Cost difference = null cost � total cost. Null cost = 294.92. Fixed cost = 101.34. Configuration cost = 16.12. All cost units are in bits. Configuration

cost: a fixed cost which depends on the complexity of the hypothesis space being optimized.
b RMS, the deviation of the log (estimated activities) from the log (measured activities) normalized by the log (uncertainties).
c HA, hydrogen-bond acceptor; HY, hydrophobic feature; RA, ring aromatic feature.

Figure 2. The best hypothesis model Hypo1 produced by the Hypo-

Gen module in Catalyst 4.10 software package. Pharmacophore

features are color-coded with light-blue for hydrophobic groups,

orange for ring aromatic group, and green for hydrogen-bond

acceptor. Distance between pharmacophore features is reported in

angstroms. HY, hydrophobic group; HA1, hydrogen-bond acceptor 1;

HA2, hydrogen-bond acceptor 2; RA, ring aromatic group.
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by their activity as highly active (6100 nM, +++), mod-
erately active (100–10,000 nM, ++), and inactive
(>10,000 nM, +). The actual and estimated FTase inhib-
itor activities of the 25 compounds based on Hypo1 are
listed in Table 2. All the compounds except compounds
1, 6, 11, and 20 were classified correctly (Table 2). The
discrepancy between the actual and estimated activity
observed for the four compounds was only about 1 or-
der of magnitude, which might be an artifact of the pro-
gram that uses different number of degrees of freedom
for these compounds to mismatch the pharmacophore
model. The error factor is also reported in Table 2. It
shows that 23 molecules out of the 25 molecules in the
training set have errors less than 10 which means that
the activity prediction of these compounds falls between
10-fold greater and 1/10 of the actual activity, while the
remaining two have errors not higher than 16. For com-
pound 3, the phenyl was mapped into HY feature. How-
ever, additional trifluoromethyl connecting the phenyl
may slightly conflict with FTase, which cannot be
detected in Hypo1 generated by HypoGen module.
Therefore, overestimated value on activity in the com-
pound was shown. Different with compound 3, com-
pound 12 is so flexible that it is hard to find true
active conformation in prediction, which may be the rea-
son for its underestimated value. The results confirm
that our hypothesis is a reliable model for describing
the SAR in the training set. In the study, all but one
highly active compounds map the first hydrogen-bond
acceptor feature (HA1), and two least active inhibitors
do not have this feature. Furthermore, HA1 maps on
the sulfhydryl which is a key group for bioactivity in
peptide-like inhibitor or nitrogen atom of imidazole
(Fig. 3) which also plays an important role in the bioac-
tivity discussed by many other researchers.13,28 Also,
lots of compounds containing imidazole designed for
inhibiting FTase show very potent activities.13,16,17,21,25

Combining the previous reports and results described
in the study, it seems that this feature should be mainly
responsible for the high molecular bioactivity, thus,
should be taken into account in discovering or designing
novel FTase inhibitors.

Validation of the constructed pharmacophore model. The
actual activity versus estimated activity of the 227 com-
pounds in the test is shown in Table S1 in the Support-
ing Information. A correlation coefficient of 0.776
generated using the test set compounds shows a good
correlation between the actual and estimated activities.
Detailedly, 92 of 109 highly actives (84%), 63 of 77 mod-
erately active (82%), and 13 of 41 inactive compounds
(32%) were predicted correctly. Seventeen highly active
compounds were underestimated as moderately active;
seven moderately active compounds were underestimat-
ed as inactive and other seven moderately active com-
pounds were overestimated as highly active; most of
inactive compounds were overestimated as moderately
active. In conclusion, most of the compounds in the test
set were predicted correctly, but many inactive com-
pounds in the test set were predicted overestimated,
which mean the hypothesis is suited for screening high
active compounds.

The mapping of test compound 65 on Hypo1, which is
the azepinone ring R-stereoisomer of compound 8, is



Table 2. Output of the score hypothesis process on the training set

Compound

(Ref.)

True IC50

(nM)

Estimated

IC50 (nM)

Error

factora

Fit valueb Activity scalec Estimated

activity scale

Mapped features

HA1 HA2 HY RA

1 (13) 74 210 +2.9 8.58 +++ ++ + + + �
2 (13) 0.15 0.36 +2.4 11.35 +++ +++ + + + +

3 (14) 5800 420 �14 8.28 ++ ++ + + + �
4 (14) 1 0.61 �1.6 11.12 +++ +++ + + + +

5 (15) 18 17 �1 9.67 +++ +++ + � + +

6 (15) 500 83 �6 8.99 ++ +++ + � + +

7 (16) 41 30 �1.4 9.43 +++ +++ � + + +

8 (16) 0.06 0.018 �3.3 12.65 +++ +++ + + + +

9 (17) 0.1 0.81 +8.1 11 +++ +++ + + + +

10 (18) 5 6.2 +1.2 10.11 +++ +++ + + + +

11 (19) 240 100 �2.3 8.89 ++ +++ + � + +

12 (19) 1.8 29 +16 9.45 +++ +++ + + + �
13 (20) 2.4 17 +7 9.68 +++ +++ + + + +

14 (21) 0.35 0.46 +1.3 11.25 +++ +++ + + + +

15 (21) 5 7.9 +1.6 10.01 +++ +++ + + + +

16 (22) 40000 25000 �1.6 6.51 + + + � + �
17 (22) 40 99 +2.5 8.91 +++ +++ + + + �
18 (23) 40000 7800 �5.2 7.02 + + + � + +

19 (23) 8 37 +4.7 9.34 +++ +++ + � + +

20 (24) 700 94 �7.4 8.93 ++ +++ + � + +

21 (24) 270000 31000 �8.5 6.41 + + � + � +

22 (24) 140 840 +6 7.98 ++ ++ � + + �
23 (24) 720000 1.20E+06 +1.7 4.82 + + � � + +

24 (25) 21 3.5 �5.9 10.36 +++ +++ + + + +

25 (25) 0.44 1 +2.3 10.9 +++ +++ + + + +

a The error factor is computed as the ratio of the measured activity to the activity estimated by the hypothesis or the inverse if estimated is greater

than measured.
b Fit value indicates how well the features in the pharmacophore overlap the chemical features in the molecule.
c Activity scale: +++, IC50 6 100 nM (highly active); ++, 10,000 nM > IC50 > 100 nM (moderately active); +, IC50 P 10,000 nM (inactive).

Figure 3. Mapping of the three most highly active compounds in training set and one compound in test set on the best hypothesis model Hypo1 (A)

compound 8; (B) compound 9; (C) compound 2; (D) compound 65. Pharmacophore features are color-coded with the same as Fig. 2.
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Table 3. Output parameters of the 10 lowest cost hypotheses resulting

from the statistical evaluation procedure according to the Fischer

Method

Hypothesis Total cost RMS Correlation

1 178.04 2.252 0.840

2 179.51 2.283 0.836

3 191.08 2.454 0.809

4 193.62 2.215 0.866

5 194.61 2.620 0.776

6 203.42 2.736 0.750

7 205.35 2.754 0.746

8 209.37 2.833 0.727

9 212.31 2.818 0.733

10 212.68 2.849 0.729

Hypo1 131.77 1.321 0.949
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shown in Figure 3D. The potency of 8, IC50 = 0.06 nM,
is greater than the FTase inhibitory potency of com-
pound 65, IC50 = 1.5 nM. Also, the observation that
the azepinone ring of S enantiomer is fitting better on
HY can also be derived from the two compounds’ map-
ping on Hypo1.

Fisher test. To further evaluate the statistical relevance
of the model, the Fischer method35 was applied. With
the aid of the CatScramble program, the experimental
activities in the training set were scrambled randomly,
and the resulting training set was used for a HypoGen
run. All parameters were adopted from the initial Hyp-
oGen calculation. This procedure was reiterated 49
times. None of the outcome hypotheses has lower cost
score than the initial hypothesis. Table 3 lists the 10 low-
est total cost values of the resulting 49 hypotheses.
Accordingly, this result indicates that there is a 98%
chance for the best hypothesis to represent a true corre-
lation in the training set activity data.29,30,36,37 Further-
more, all the top 10 hypotheses exported by HypoGen
pass 98% Fisher test, which indicates that the models
are not random, but meaningful and successful.

For discovering potent FTase inhibitors as new antican-
cer drug, a ligand-based computational approach was
employed to identify molecular structure requirements
for active inhibitors. A highly predictive pharmacophore
model was generated based on 25 training set com-
pounds by the HypoGen module of Catalyst software
package,29 which consists of two hydrogen-bond accep-
tors, one hydrophobic point, and one ring aromatic fea-
ture. The utility of our pharmacophore model on 227
test set compounds showed that the model is able to
accurately differentiate various classes of FTase inhibi-
tors. Thus, the pharmacophore model that we developed
should be helpful in identifying novel lead compounds
with improved inhibitory activity through 3D database
searches, and useful to designing novel FTase inhibitors.
Supplementary data

Supplementary data associated with this article can be
found in the online version at doi:10.1016/j.bmcl.2006.
09.055.
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