
Bioorganic & Medicinal Chemistry Letters 17 (2007) 1594–1600
Pharmacophore mapping of diverse classes
of farnesyltransferase inhibitors

Tabish Equbal,a Om Silakari,a,* Gundla Rambabub and Muttineni Ravikumarb

aDepartment of Pharmaceutical Science and Drug Research, Punjabi University, Patiala 147-002, India
bGVK Biosciences Pvt. Ltd., #210 ‘My Home Tycoon’, 6-3-1192 Begumpet, Hyderabad 500 016, India

Received 17 September 2006; revised 10 December 2006; accepted 26 December 2006

Available online 4 January 2007
Abstract—Protein farnesyltransferase (FTase) is a zinc-dependent enzyme that catalyzes the attachment of a farnesyl lipid group to
the sulfur atom of a cysteine residue of numerous proteins involved in cell signaling including the oncogenic H-Ras protein. Phar-
macophore models were developed by using Catalyst HypoGen program with a training set of 22 farnesyltransferase inhibitors
(FTIs), which were carefully selected with great diversity in both molecular structure and bioactivity for discovering new potent
FTIs. The best pharmacophore hypothesis (Hypo 1), consisting of four features, namely, one hydrogen-bond acceptor (HBA),
one hydrophobic point (HY), and two ring aromatics (RA), has a correlation coefficient of 0.961, a root mean square deviation
(RMSD) of 0.885, and a cost difference of 62.436, suggesting that a highly predictive pharmacophore model was successfully
obtained. For the test series, a classification scheme was used to distinguish highly active from moderately active and inactive com-
pounds on the basis of activity ranges. Hypo 1 was validated with 181 test set compounds, which has a correlation coefficient of
0.713 between estimated activity and experimentally measured activity. The model was further validated by screening a database
spiked with 25 known inhibitors. The model picked up all 25 known inhibitors giving an enrichment factor of 10.892. The results
demonstrate that the hypothesis derived in this study can be considered to be a useful and reliable tool in identifying structurally
diverse compounds with desired biological activity.
� 2007 Elsevier Ltd. All rights reserved.
Inhibition of farnesyltransferase (FTase) has generated
much attention recently as a promising target for the
treatment of a broad spectrum of cancers due to their re-
duced intrinsic toxicity as compared to the conventional
cytotoxic agents.1 FTase catalyzes the transfer of a far-
nesyl moiety from farnesyl pyrophosphate to a cysteine
residue found in the tetrapeptide sequence CAAX
(C = Cys, A = an aliphatic amino acid, X is typically
Met)2 in the carboxyl terminal of a group of mem-
brane-bound small G-proteins such as Ras, RhoB,
RhoE, lamin A and B, and transducin. FTIs can stop
protein farnesylation and suppress the growth of Ras-
dependent tumor cells. Hence, over the last two decades,
several researchers synthesized different classes of FTIs,
such as SCH66336 (SarasarTM) and R115777 (tipifarnib
or ZanestraTM), which are currently in advanced stages
of human clinical trials.3–5 Our literature survey revealed
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that FTIs in different classes possess 19 different scaf-
folds (Fig. 1). Thus, quantitative structure–activity rela-
tionship (QSAR) analysis of different classes of
inhibitors could be utilized for extracting out valuable
information for developing new potent FTIs. The phar-
macophore mapping is a well-established approach to
quantitatively explore common chemical features
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.

In the present study, we have generated pharmacophore
model using Catalyst6–8 software for diverse set of mol-
ecules of FTIs with an aim to obtain pharmacophore
model that could provide a rational hypothetical picture
of the primary chemical features responsible for activity.
This is expected to provide useful knowledge for devel-
oping new potentially active candidates targeting the
FTase, which can be useful as cytotoxic agents.

Selection of molecule. Pharmacophore modeling corre-
lates activities with the spatial arrangement of various
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Figure 1. Chemical structures of the 22 training set molecules applied to HypoGen pharmacophore generation.
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chemical features. For the pharmacophore modeling
studies, a set of 203 farnesyltransferase inhibitory activ-
ity data (IC50) spanning over 5 orders of magnitude
(from 0.014 to 1800 nM) were selected from the litera-
ture.9–16 The dataset was divided into training set and
test set. The training set was selected by considering
both structural diversity and wide coverage of the activ-
ity range. The most active, several moderately active,
and some inactive compounds were also included in or-
der to obtain critical information on pharmacophore
requirements. The important aspect of this selection
scheme was that each active compound would teach
something new to the HypoGen module to help it
uncover as much critical information as possible for pre-
dicting biological activity. The training set consisted of
22 compounds selected with the above criteria (Fig. 1
and Table 1). To validate our pharmacophore, the other
181 compounds were used as the test set (Table L in
Supporting information). The activities (IC50) against
FTase are reported to be classified as: highly active
(<10 nM), moderately active (10–100 nM), and inactive
(>100 nM). All the IC50 values were obtained using the
same assay method.17

Molecular modeling. The structures of all the com-
pounds were built from fragments in Catalyst 4.10. A
CHARMM like force field18 in the Catalyst program
was utilized to ascertain the energy-minimized confor-
mations for each structure. Details of the pharmaco-
phore development procedures have been described in
the literature.19,20 Initially, conformational models of
all molecules for FTase datasets were generated using
the ‘best quality’ conformational search option within
the Catalyst ConFirm module using the ‘Poling’



Table 1. Output of the score hypothesis process on the training set

Compound True IC50

(nM)

Estimated C50

(nM)

Error

factora

Fit

valueb

Activity

scalec

Estimated

activity scale

Mapped features

HBA HY RA1 RA2

1 0.014 0.039 2.8 12.39 +++ +++ + + + +

2 0.15 0.59 3.9 11.22 +++ +++ + + + +

3 0.19 0.59 3.1 11.21 +++ +++ + + + +

4 0.27 0.32 1.2 11.48 +++ +++ + + + +

5 0.32 0.53 1.6 11.26 +++ +++ + + + +

6 0.49 0.18 �2.7 11.73 +++ +++ + + + +

7 0.50 0.49 �1.0 11.30 +++ +++ + + + +

8 0.73 2 2.7 10.69 +++ +++ + + + +

9 0.88 0.67 �1.3 11.16 +++ +++ + + + +

10 0.96 1.7 1.7 10.76 +++ +++ + + + +

11 1.10 1.5 1.4 10.80 +++ +++ + + + +

12 1.40 2.2 1.6 10.65 +++ +++ + + + +

13 29 18 �1.6 9.72 ++ ++ + + + +

14 40 21 �1.9 9.67 ++ ++ + + + +

15 51 120 2.3 8.92 ++ + � + + +

16 61 260 4.3 8.57 ++ + + + + �
17 96 140 1.4 8.85 ++ + + + + �
18 150 51 �2.9 9.28 + ++ + + + +

19 160 40 �4.0 9.38 + ++ + + + +

20 490 250 �1.9 8.58 + + + + + �
21 1000 140 �7.0 8.83 + + + + + �
22 1800 340 �5.3 8.46 + + � + + +

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: +++, <10 nM (highly active); ++, 10–100 nM (moderately active); +, >100 nM (inactive).
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algorithm.21 A maximum of 250 conformations were
generated for each compound to ensure maximum cov-
erage in the conformational space within an energy
threshold of 20.0 kcal/mol above the global energy min-
imum. Instead of using just the lowest energy conforma-
tion of each compound, all conformational models for
each molecule in training set were used in Catalyst for
pharmacophore hypothesis generation.

Generation of pharmacophore model. From the structures
of the training set compounds and their experimentally
determined inhibitory activities against FTase, 10 best
pharmacophore (called hypotheses in the program)
models were generated using HypoGen module imple-
mented in Catalyst 4.10 software. An initial analysis re-
vealed that three chemical feature types such as
hydrogen-bond acceptor (HA), hydrophobic (HY),
and two ring aromatic (RA) features could effectively
map all critical chemical features of all molecules in
the training and test sets. These features were selected
and used to build a series of hypotheses with the Hypo-
Gen module in Catalyst using default uncertainty value
3 (defined by Catalyst as the measured value being with-
in three times higher or three times lower of the true val-
ue). Indeed, Catalyst generates a chemical-feature-based
model on the basis of the most active compounds. These
compounds are determined by performing a simple cal-
culation based on the activity and uncertainty. As a mat-
ter of fact, the activity of the most active compound is
multiplied by the uncertainty to establish a comparison
number, ‘A’. The activity of the next most active com-
pound is divided by the uncertainty, and this results in
‘B’, which is then compared to A. If B is smaller than
A, the compound is included in the most active set; if
not, the procedure stops.22

In hypothesis generation, the structure and activity cor-
relations in the training set were rigorously examined.
HypoGen identifies features that were common to the
active compounds but excluded from the inactive com-
pounds within conformationally allowable regions of
space. It further estimated the activity of each training
set compound using regression parameters. The param-
eters are computed by the regression analysis using the
relationship of geometric fit value versus the negative
logarithm of activity. The greater the geometric fit, the
greater the activity prediction of the compound. The
fit function does not only check if the feature is mapped
or not, it also contains a distance term, which measures
the distance that separates the feature on the molecule
from the centroid of the hypothesis feature. Both terms
are used to calculate the geometric fit value.

Pharmacophore validation. The generated pharmaco-
phore model should be statistically significant, should
predict activity of the molecules accurately, and should
identify active compound from a database. Therefore,
the derived pharmacophore map was validated using
(i) cost analysis, (ii) test set prediction, and (iii) enrich-
ment factor.

Cost analysis. The HypoGen module in Catalyst per-
forms two important theoretical cost calculations (repre-
sented in bit units) that determine the success of any
pharmacophore hypothesis. One is the ‘fixed cost’ (also
termed as ideal cost), which represents the simplest
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model that fits all data perfectly, and the second one is
the ‘null cost’ (also termed as no correlation cost), which
represents the highest cost of a pharmacophore with no
features and estimates activity to be the average of the
activity data of the training set molecules. A meaningful
pharmacophore hypothesis may result when the differ-
ence between null and fixed cost value is large; a value
of 40–60 bits for a pharmacophore hypothesis may indi-
cate that it has 75–90% probability of correlating the
data (Catalyst 4.10 documentation).

The total cost (pharmacophore cost) of any pharmaco-
phore hypothesis should be close to the fixed cost to pro-
vide any useful models. Two other parameters that also
determine the quality of any pharmacophore hypothesis
with possible predictive values are the configuration cost
or entropy cost, which depends on the complexity of the
pharmacophore hypothesis space and should have a val-
ue <17, and the error cost, which is dependent on the
root mean square differences between the estimated
and the actual activities of the training set molecules.
The RMSD represents the quality of the correlation be-
tween the estimated and the actual activity data. The
best pharmacophore model has highest cost difference,
lowest RMSD, and best correlation coefficient.

Test set activity prediction. In addition to estimation of
activity of training set molecules, the pharmacophore
model should also estimate the activity of new com-
pounds. Therefore, a set of 181 FTIs (Table L), which
were not included in training set, was considered as a
test set. These molecules are covering wide range of
activities spanning from 0.034 to 560 nM. The best
pharmacophore (Hypo 1) having high correlation coeffi-
cient (r), lowest total cost, and lower RMSD value was
chosen to estimate the activity of test set. Test set com-
pounds were classified on the basis of their activity as
highly active (<10 nM, +++), moderately active (10–
100 nM, ++), and inactive (>100 nM, +).

Enrichment of database. In the lead-discovery studies,
the pharmacophore model should identify active leads
against FTIs in the database screening. Therefore, in-
house database of 1500 molecules was spiked with 25
known inhibitors in order to validate whether the phar-
macophore model could identify active compounds.
This spiked database (containing 1525 molecules) was
Table 2. Results of pharmacophore hypothesis generated using training set

Hypo No. Total cost Cost difference (Nulla � Total) Erro

1 107.806 62.436 82

2 113.335 56.907 89

3 117.894 52.348 94

4 119.091 51.151 97

5 119.478 50.764 100

6 122.240 48.002 102

7 123.227 47.015 101

8 123.426 46.816 101

9 123.502 46.740 100

10 124.563 45.679 103

a Null cost = 170.242; fixed cost = 91.973; configuration = 16.849. All cost un
b HBA, hydrogen-bond acceptor; HY, hydrophobic feature; RA, ring aroma
screened with the pharmacophore model and the enrich-
ment factor (E)19 was calculated using Eq. 1.

E ¼ Ha=Ht� A=D ð1Þ
where Ht = the number of hits retrieved, Ha = the num-
ber of actives in the hit list, A = the number of active
molecules present in the database, and D = the total
number of molecules in the database.

Results and discussion. HypoGen generated 10 alterna-
tive pharmacophores describing the FTase inhibitory
activity of 22 training set molecules. In this study, the
cost of the null hypothesis for all 10 hypotheses was
170.242 and fixed cost of the run was 91.973 with a cost
difference of 78.268 bits. All 10 hypotheses showed total
cost close to the cost of the fixed hypothesis and having
large difference with no correlation cost. As mentioned
earlier configuration cost value must be less than 17
for a good pharmacophore and accordingly 16.849
was obtained. The cost values, correlation coefficients
(r), RMSD, and pharmacophore features are listed in
Table 2.

Out of 10 hypotheses, Hypo 1 had low total cost
(107.806), less difference between total and fixed cost
(15.833), high cost difference between null cost and total
cost (62.436), least RMSD (0.885), and a strong correla-
tion coefficient (0.961) between experimental and esti-
mated activity. These results conclude that Hypo 1 is
the best ranking pharmacophore among the 10 hypoth-
eses obtained. This model consists of spatial arrange-
ment of four chemical features: one hydrogen-bond
acceptors (HBA), one hydrophobic (HY) feature, and
two planar ring aromatic (RA) features (Fig. 2).

Activities were estimated for all compounds based on
the best ranking pharmacophore (Hypo 1). The actual
and estimated FTI activities of the 22 compounds are
listed in Table 1. For 22 molecules, all the active com-
pounds were predicted as active (+++), three moderate-
ly active compounds were predicted as inactive (+), and
two inactive compounds were predicted as moderately
active (++). The difference between the actual and esti-
mated activity observed for the five compounds was
only about 1 order of magnitude, which might be an
artifact of the program that uses different number of de-
grees of freedom for these compounds to mismatch the
against farnesyltransferase inhibitors (FTIs)

r cost RMS Correlation (r) Featuresb

.631 0.885 0.961 HBA, HY, RA, RA

.093 1.171 0.925 HBA, HY, RA, RA

.041 1.349 0.897 HBA, HBA, HY, RA

.672 1.467 0.871 HBA, HY, RA, RA

.927 1.564 0.849 HBA, HY, RA, RA

.352 1.605 0.841 HBA, HY, HY, RA

.813 1.590 0.847 HBA, HBA, HY, HY

.824 1.590 0.847 HBA, HY, HY, RA

.769 1.560 0.855 HBA, HBA, HY, RA

.641 1.641 0.835 HBA, HY, HY, RA

its are in bits.

tic feature.



Figure 2. The best hypothesis model Hypo 1 produced by the

HypoGen module in Catalyst 4.10 software. Pharmacophore features

are color-coded with green, blue, and brown contours representing the

hydrogen-bond acceptor feature (HA), hydrophobic feature (HY), and

ring aromatic features (RA), respectively. Distance between pharma-

cophore features is reported in angstroms.
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pharmacophore model. Interestingly, in the training set,
all highly active compounds map all the features that is
hydrophobic (HY), hydrogen-bond acceptor (HBA),
Figure 3. Pharmacophore mapping of the most active compounds on the bes

(B) compound 172 from the test set. The green, blue, and brown contours rep

(HY), and ring aromatic feature (RA), respectively.

Figure 4. Pharmacophore mapping of the least active compounds on the best

(B) compound 47 from the test set. The color contours have the same anno
and two ring aromatics (RA1 and RA2). With a few
exceptions, in moderately active and inactive com-
pounds one feature is missing. All the compounds in
the training set map HY and RA1 feature revealing that
these two features should be mainly responsible for the
high molecular bioactivity, thus, should be taken into
account in discovering or designing novel FTIs. The
most active compound, 1, has a fitness score23 of 12.39
when mapped to Hypo 1 (Fig. 3A) whereas the least ac-
tive, 22, maps to a value of 8.46 (Fig. 4A). In 1, HBA
feature corresponds to the CN at C4 position of phenyl
ring, which is attached to imidazole ring, whereas in 22,
HBA feature does not map. One HY feature corre-
sponds to phenyl ring, which is attached to imidazole
ring. Two ring aromatic features, RA1 and RA2, corre-
spond to imidazole ring and phenyl ring (attached
directly to the bridged nitrogen), respectively. All four
pharmacophore features are mapped in the training set
molecules with IC50 value less than 40. For molecules
with lesser activity (15, 16, 17, 19, 20, and 21), at least
one feature is missing. For example, 16, 17, 20, and 21
miss the RA2 feature. Pharmacophore superimposed
with the five potent compounds (1, 2, 3, 5, and 7) in
the training set is shown in Figure 5.

The predictive power of the Hypo 1 was validated with
181 test set compounds. All the compounds were
t hypothesis model Hypo 1. (A) Compound 1 from the training set and

resent the hydrogen-bond acceptor feature (HA), hydrophobic feature

hypothesis model Hypo 1. (A) Compound 22 from the training set and

tation as for Figure 3.



Figure 5. Pharmacophore superimposed with the five potent com-

pounds in the training set using Hypo 1. Compound 1 is shown in gray,

compound 2 in green, compound 3 in pink, compound 5 in yellow, and

compound 7 in red.
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imported into spreadsheet of hypothesis generation
workbench and activities were estimated. A correlation
coefficient of 0.713 shows a good correlation between
the actual and estimated activities (Fig. 6). In detail,
82 of 123 highly active, 30 of 57 moderately active,
and 1 inactive compounds were predicted correctly.
Thirty-three highly active compounds were underesti-
mated as moderately active and eight highly active com-
pounds were underestimated as inactive; nine
moderately active were overestimated as false positive
and eighteen underestimated as inactive. The most ac-
tive compound 172 in the test set had a fitness score of
11.05 when mapped to the Hypo 1 (Fig. 3B) and shows
that all the features are being mapped accurately,
whereas the least active compound 47, in which HBA
 Score of OutHypo-1,Total molecules 181
Corr = 0.713
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Figure 6. Correlation graph between experimental and Hypo

1-estimated activities of test set.
feature is missing, maps to a value of 5.37 (Fig. 4B).
In summary, most of the compounds in the test set were
predicted correctly for their biological activity.

Hypo 1 was further validated for picking active mole-
cules in the database against FTIs. For this validation
experiment, when a spiked database (D) having 1525
compounds including 25 (A) known inhibitors of
FTase was screened with Hypo 1, 140 molecules
(Ht) were retrieved as hits. Among these hits, 25
(Ha) molecules were from the 25 known activities.
Thus, the enrichment factor (as per Eq. 1) was found
to be 10.892, indicating that it is 10 times more prob-
able to pick an active compound from the database
than an inactive one.

In conclusion, the work presented in this study shows
how chemical features of a set of compounds along
with their activities ranging over several orders of
magnitudes can be used to generate pharmacophore
hypotheses that can successfully predict the activity.
The models were not only predictive within the same
series of compounds but different classes of diverse
compounds also effectively mapped onto most of the
features important for activity. A highly predictive
pharmacophore model was generated based on 22
training set compounds, which consists of one hydro-
gen-bond acceptor, one hydrophobic point, and two
ring aromatic features. The utility of our pharmaco-
phore model on 181 test set compounds showed that
the model is able to accurately differentiate various
classes of FTIs. The pharmacophore generated from
FTIs can be used (1) as a three-dimensional query
in database searches to identify compounds with di-
verse structures that can potentially inhibit FTase
and (2) to evaluate how well any newly designed com-
pound maps on the pharmacophore before undertak-
ing any further study including synthesis. Both these
applications may help in identifying or designing com-
pounds for further biological evaluation and optimiza-
tion. Thus, we hope that our pharmacophore model
should be helpful in identifying novel lead compounds
with improved inhibitory activity through three-di-
mensional database searches and useful in designing
novel FTIs.
Acknowledgments

The authors thank Dr. A. K. Tiwary, Head, Depart-
ment of Pharmaceutical Science and Drug Research,
Punjabi University, Patiala, for his steady advice and
helpful collaborations and Dr. J. A. R. P. Sarma, Direc-
tor, Bioinformatics Division, GVK Biosciences Pvt.
Ltd., for providing software facilities and giving a great
chance to work there.
Supplementary data

Supplementary data associated with this article can
be found, in the online version, at doi:10.1016/j.bmcl.
2006.12.087.

http://dx.doi.org/10.1016/j.bmcl.2006.12.087
http://dx.doi.org/10.1016/j.bmcl.2006.12.087


1600 T. Equbal et al. / Bioorg. Med. Chem. Lett. 17 (2007) 1594–1600
References and notes

1. For recent reviews on FTIs, see: (a) Sebti, S. M.; Adjei, A.
A. Semin. Oncol. 2004, 31(Suppl. I), 28; (b) Mazieres, J.;
Pradines, A.; Favre, G. Cancer Lett. 2004, 206, 159; (c)
Doll, R. J.; Kirschmeier, P.; Bishop, W. R. Curr. Opin.
Drug Discov. Devel. 2004, 7, 478.

2. Zhang, F. L.; Casey, P. J. Annu. Rev. Biochem. 1996, 65,
241.

3. Bell, I. M. J. Med. Chem. 2004, 47, 1869.
4. Ayral-Kaloustian, S.; Salaski, E. Curr. Med. Chem. 2002,

9, 1003.
5. Adjei, A. A. Drugs Future 2000, 25, 1069.
6. CATALYST 4.10; Accelrys, Inc., San Diego, CA, 2005,

<http://www.accelrys.com/>.
7. Kurogi, Y.; Guner, O. F. Curr. Med. Chem. 2001, 8, 1035.
8. Oliver, F. F.; Viktor, K.; Jan, D.; Thierry, L. J. Med.

Chem. 2004, 47, 2750.
9. Wang, T.; Wang, X.; Wang, W.; Lisa, A.; Hasvold;

Sullivan, G.; Hutchins, C. W.; O’Conner, S.; Gentiles, R.;
Sowin, T.; Cohen, J.; Gu, W. Z.; Zhang, H.; Rosenberg,
S. H.; Sham, H. L. Bioorg. Med. Chem. Lett. 2005, 15,
153.

10. Li, Q.; Li, T.; Woods, K. W.; Gu, W. Z.; Cohen, J.; Stoll,
V. S.; Galicia, T.; Hutchins, C.; Frost, D.; Rosenberg, S.
H.; Sham, L. H. Bioorg. Med. Chem. Lett. 2005, 15, 2918.

11. Li, Q.; Woods, K. W.; Wang, W.; Lin, N. H.; Claiborne,
A.; Gu, W. Z.; Cohen, J.; Stoll, V. S.; Hutchins, C.; Frost,
D.; Rosenberg, S. H.; Sham, H. Bioorg. Med. Chem. Lett.
2005, 15, 2033.

12. Lin, N. H.; Wang, L.; Wang, X.; Wang, G. T.; Cohen, J.;
Gu, W. Z.; Zhang, H.; Rosenberg, S. H.; Sham, H. L.
Bioorg. Med. Chem. Lett. 2004, 14, 5057.

13. Wang, L.; Lin, N. H.; Li, Q.; Henry, R. F.; Zhang, H.;
Cohen, J.; Gu, W. Z.; Marsh, K. C.; Bauch, J. L.;
Rosenberg, S. H.; Sham, H. L. Bioorg. Med. Chem. Lett.
2004, 14, 4603.
14. Li, Q.; Wang, G. T.; Li, T.; Gwaltney, S. L., II; Woods, K.
W.; Claiborne, A.; Wang, X.; Gu, W.; Cohen, J.; Stoll, V.
S.; Hutchins, C.; Frost, D.; Rosenberg, S. H.; Sham, H. L.
Bioorg. Med. Chem. Lett. 2004, 14, 5371.

15. Huang, C. Y.; Stauffer, T. M.; Strickland, C. L.; Reader, J.
C.; Huang, H.; Li, G.; Cooper, A. B.; Doll, R. J.;
Ganguly, A. K.; Baldwina, J. J.; Rokosz, L. L. Bioorg.
Med. Chem. Lett. 2006, 16, 507.

16. Wang, L.; Wang, G. T.; Wang, S.; Tong, Y.; Sullivan, G.;
Park, D.; Leonard, N. M.; Qun, L.; Cohen, J.; Gu, W. Z.;
Zhang, H.; Bauch, J. L.; Jakob, C. G.; Hutchins, C. W.;
Vincet, S.; Marsh, K.; Rosenberg, S. H.; Sham, H. L.; Lin,
N. H. J. Med. Chem. 2004, 47, 612.

17. Tahir, S. K.; Gu, W.-Z.; Zhang, H.-C.; Leal, J.; Lee, J. Y.;
Kovar, P.; Saeed, B.; Cherian, S. P.; Devine, E.; Cohen, J.;
Warner, R.; Wang, Y.-C.; Stout, D.; Arendsen, D. L.;
Rosenberg, S. H.; Ng, S.-C. Eur. J. Cancer 2000, 36, 1161.

18. Brooks, B. R.; Brucolleri, R. E.; Olafson, B. D.; States, D.
J.; Swaminathan, S.; Karplus, M. J. J. Comput. Chem.
1983, 4, 187.
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