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Abstract—In order to elucidate the essential structural features for KDR kinase inhibitors, three-dimensional pharmacophore
hypotheses were built on the basis of a set of known KDR kinase inhibitors selected from the literature with CATALYST program.
Several methods tools used in validation of pharmacophore hypothsis were presented, and the first hypothesis (Hypol) was consid-
ered to be the best pharmacophore hypothesis. The model (Hypol) was then employed as 3D search query to screen the Traditional
Chinese Medicine Database (TCMD) for other potential lead compounds. One hit illustrated high binding affinity with KDR kinase
measured by the surface plasmon resonance biosensor. Docking studies may help elucidate the mechanisms of KDR kinase recep-

tor-ligand interactions.
© 2007 Elsevier Ltd. All rights reserved.

Vascular endothelial growth factor (VEGF) plays pivot-
al roles in many angiogenic processes both in normal
and pathological conditions.!*> VEGF binds tyrosine ki-
nase receptors Flk-1 (also known as VEGF receptor 2,
KDR as human counterpart)® with high affinity and reg-
ulates angiogenesis during the development of solid tu-
mors. The inhibition of VEGF-Flk-1/KDR signal
transduction might be promising for the treatment of
highly vascularized tumors.

A considerable number of activity data for KDR kinase
inhibitors that belong to diverse chemical classes are cur-
rently available. Several compounds such as SU5416,*
PTK787,% and CP-547632° have been reported to inhibit
KDR kinase at low micromolar concentration. A phar-
macophore model based on the binding of ATP to the
hinge region of the kinase domain of VEGFR has been
developed by Nagarajan Pattabiraman and co-workers.”
Recently, a series of compounds representing a new class
revealed very high activities and strong selectivity for the
inhibition of the KDR kinase.® ' As the number of syn-
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thetic inhibitors of KDR kinase increases, it becomes
important to elucidate the structure-activity relation-
ships (SAR) of these diverse compounds.'* We investi-
gated ligand-based pharmacophores for KDR kinase
inhibitors to inform the design process for new selective
inhibitors and to gain a greater understanding of the
structure—-KDR kinase inhibitory activity relationships,
which combined CATALYST HypoGen approach!®
with a training set selection method.

In this study, feature-based three-dimensional model for
KDR kinase inhibitors was developed, and the model
was then used as a search query for the Traditional Chi-
nese Medicine Database (TCMD) searching in an at-
tempt to find new classes of compounds with affinity
for the KDR kinase. Potential lead compound was
selected for further in vitro study. Docking studies
may help elucidate the mechanisms of KDR kinase
receptor-ligand interactions.

Twenty-eight compounds forming the training set were
used to generate pharmacophores, and biological
activity data of 28 compounds span over 5 orders of
magnitude. Binding assays are reported in detail
elsewhere.® 13 Structures of these compounds are listed
below in Table 1. The compounds were built using the
CATALYST 2D/3D visualizer in CATALYST 4.10
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Table 1. Chemical structures and activity data (ICs, values, uM) of the 28 training set molecules applied to HypoGen pharmacophore generation
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software package and were minimized to the closest local
minimum using the CHARMm-like force field imple-
mented in the program.'® CATALYST generated a rep-
resentative family of conformational models for each
compound using the Poling Algorithm and the ‘best con-
formational analysis’ method.'”'® Diverse conforma-
tional models for each compound were generated using
an energy range of 20 kcal/mol of the calculated poten-
tial energy minimum. Specify 250 as the maximum num-
ber of conformers of each molecule to ensure maximum
coverage of the conformational space. After preparing
lead set of molecules, generating a conformational model
for each one, we chose the functions to be used and then
set up a background process to generate a hypothesis.

Pharmacophores were computed and the top 10 hypoth-
eses were exported. Results of pharmacophore hypothe-
ses are presented in Table 2. The first hypothesis
(Hypol) is the best pharmacophore hypothesis in this
study, characterized by the highest cost difference
(75.184), lowest root-mean-square error (0.947), and
the best correlation coefficient (0.911). The fixed cost,
pharmacophore cost, and null cost are 108.48, 122.026,
and 197.21, respectively. Hypol is presented in Figure 1.
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Table 2. Information of statistical significance and predictive power
presented in cost values measured in bits for top 10 hypotheses as a
result of automated HypoGen pharmacophore generation process®

Hypothesis no. Total cost Acost RMS deviation Correlation

1 122.026 75.184 0.94745 0.910977
2 122.715 74.495 0.97764 0.904688
3 123.451 73.759 1.02323 0.894325
4 126.741 70.469 1.12766 0.870113
5 129.698 67.512 1.21125 0.848652
6 130.865 66.345 1.23152 0.843869
7 131.090 66.120 1.25973 0.834611
8 131.216 65.994 1.26864 0.831770
9 131.330 65.880 1.26906 0.831778
10 131.904 65.306 1.22785 0.847449

#Null cost of 10 top-scored hypotheses is 197.21. Fixed cost value is
108.48. Configuration cost is 13.174.

Figure 2 shows the Hypol aligned with the highest ac-
tive compound 1 (ICsy = 0.003 uM) of the training set.

Besides this cost analysis, another validation method to
characterize the quality of Hypol is represented by its
capacity for correct activity prediction. Table 3 shows
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Figure 1. CATALYST HypoGen pharmacophore moﬂdel illustrating hydropl}obic (blue); ring aron}atic (orange), hydroggn bond donor (purple), and
hydrogen bond acceptor (green). Distance-1, 9.723 A; Distance-2, 11.997 A; Distance-3, 3.974 A; Distance-4, 3.025 A; Distance-5, 6.370 A, and
Distance-6 9.004 A.

Figure 2. Best HypoGen pharmacophore model Hypol aligned to training set compound 1 (ICso = 0.003 pM). Pharmacophore features are color-
coded (hydrophobic, blue; ring aromatic, orange; hydrogen bond donor, purple; hydrogen bond acceptor, green).
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Table 3. Experimental biological data and estimated ICs, of training
set molecules based on pharmacophore model Hypol

Compound Actual Estimated Error Ref.
ICso (nM) ICso (1M)
1 0.003 0.009 +3.0 8
2 0.004 0.0029 —-1.4 11
3 0.004 0.001 -39 12
4 0.006 0.017 +2.8 8
5 0.008 0.093 +12 9
6 0.011 0.028 +2.5 8
7 0.015 0.029 +2.0 8
8 0.018 0.099 +5.5 8
9 0.019 0.014 —-14 8
10 0.02 0.028 +1.4 12
11 0.026 0.037 +14 8
12 0.03 0.13 +4.4 12
13 0.035 0.024 -14 8
14 0.052 0.028 -1.9 8
15 0.053 0.075 +1.4 8
16 0.09 0.062 —-14 12
17 0.13 0.12 —1.1 9
18 0.15 0.51 +3.4 11
19 0.2 0.13 -1.6 11
20 0.27 0.071 -3.8 9
21 0.30 0.26 -1.2 13
22 0.87 0.43 -2.0 13
23 1.1 0.099 —11 11
24 1.4 0.5 -2.8 11
25 2.7 2.4 —1.1 11
26 4.6 2.8 —1.6 8
27 20 160 -1.3 10
28 31 9.4 —-33 10

the actual and estimated inhibitory activities of the 28
molecules from the training set based on the pharmaco-
phore model hypothesis, Hypol. The difference between
estimated activity values and experimental activity val-
ues is represented as error (ratio between the estimated
and experimental activity), with a negative sign if the
actual activity is higher than that of the estimated. As
we can see from Table 3, most compounds were predict-
ed correctly.

The validity and the predictive character of Hypol were
further assessed by using the test set molecules. A test set
containing 20 molecules of different activity classes was
analyzed (Table 4). All test set molecules were built and
minimized as well as used in conformational analysis
like all training set compounds. Hypol was regressed
against the test set compounds. A score of 81.89% was
achieved. In the test set analysis, most of the ICs, values
were predicted correctly. The results are presented in
Table 5.

Finally, cross validation using the CatScramble program
available in CATALYST was applied to assess the sta-
tistical confidence of Hypol. The goal of this type of val-
idation is to check whether there is a strong correlation
between the structures and activity. CatScramble mixes
up activity values of all training set compounds and cre-
ates 19 random spreadsheets. In this validation test, we
select the 95% confidence level. The results are presented
in Figure 3.

Table 4. Chemical structures and activity data (ICs, values, tM) of the 20 test set molecules
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Table 5. Experimental biological data and estimated ICs, of test set
molecules based on pharmacophore model Hypol

Compound Actual Estimated Error Ref.
ICso (LM) ICsp (uM)
1 0.003 0.015 +5.0 8
2 0.007 0.057 +8.1 11
3 0.01 0.061 +6.1 11
4 0.013 0.018 +14 8
5 0.013 0.061 +4.7 9
6 0.018 0.16 +8.9 9
7 0.019 0.01 -1.9 8
8 0.05 0.22 +4.3 11
9 0.054 0.081 +1.5 8
10 0.055 0.11 +2.0 8
11 0.06 0.26 +4.3 11
12 0.14 0.36 +2.6 13
13 0.24 0.41 +1.7 13
14 0.27 0.096 —-2.8 9
15 0.38 0.082 —4.6 12
16 0.65 0.41 -1.6 13
17 1.0 1.7 +1.7 10
18 1.7 0.42 —4.1 13
19 2.9 1.2 -24 11
20 15.4 15 -1 10

We employed the first hypothesis (Hypol) as 3D-search
query against the Traditional Chinese Medicine Data-
base (TCMD), using the ‘fast flexible search’ approach
implemented within CATALYST. The pharmacophore
captured 392 hits from a commercially available data-
base of 10,458 compounds. The molecules identified
included a broad range of templates that were structur-
ally diverse from the starting molecule. The hits were
subsequently fitted against the Hypol and the highest
ranking 20 compounds were selected for being further
investigated as potential new structures for design of
novel KDR kinase inhibitors.

Lipinski ‘rule of five’ to the problem of recognizing
‘drug-like’ molecules has been employed. With this tool,
it appears possible to identify compounds which have
desirable or ‘drug-like’ properties. Results indicated that
one compound (Compound_Number_5688) satisfies the

200

demands of Lipinski ‘rule of five’. This compound was
evaluated as KDR kinase inhibitor in vitro, and SPR
biosensor technology?® was used to directly measure
the binding interactions of small ligand to KDR kinase
using the dual flow cell Biacore 3000 instrument
(Biacore AB, Uppsala, Sweden). For kinetic analysis,
various concentrations of small ligand were injected
for 60s at a flow rate of 20 ul/min to allow for binding
with KDR kinase immobilized on the chip surface.
The Biacore biosensor determination results for the
binding of the ligand with immobilized KDR kinase
are shown in Figure 4. For the KDR kinase, hit com-
pound resulted in a significant and dose-dependent in-
crease in SPR response units (RU). The hit compound
concentration series were fitted to a steady-state binding
model encoded in the Biacore 3000 evaluation software
for binding affinity determination. The dissociation con-
stant (K4 value) between the hit compound and KDR
kinase was determined as 30 pM.

In addition, Affinity program within InsightIl was used
for docking of hit compound into the KDR kinase bind-
ing site, which was taken from a crystal structure (PDB
code: 1YWN),?! and so we could learn the mechanisms
of KDR kinase receptor-ligand interactions. Figure 5
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Figure 4. Binding affinity of hit compound to the KDR kinase
evaluated by Biacore 3000. Sensorgrams obtained from the injections
of hit over the immobilized KDR kinase surface at concentrations of
80, 40, 20, 10, 5, and 2.5uM (curves from top to bottom).
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Figure 3. The difference in costs between the HypoGen runs and the scrambled runs. The 95% confidence level was selected.
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Figure 5. Model of hit compound bound to KDR kinase (PDB code: I[YWN). Hydrogen bonds in black are shown.

shows a possible energy-minimized docking model of
KDR kinase-inhibitor. From docking results we know
that several hydrogen bonds are formed between hit
compound and KDR kinase. Interestingly, one of the
hydroxyl oxygens of hit compound and the Cys 917 of
KDR kinase form H-bond interaction, one of the
hydroxyl groups of hit compound and Lys 866, Glu
883 of KDR kinase also form optimal H-bond interac-
tion. The modeling also suggested that the hydrophobic
of hit compound contacted with a hydrophobic region,
which is comprised of the side chains of Ile 886, Leu
887, Ile 890, Val 896, and Leu 1017. These interactions
lead to a large stabilization of compound in this region.
This binding motif is in agreement with other studies.?
Figure 6 shows the binding mode of KDR kinase with
4-amino-furo[2,3-d] pyrimidine (PDB code: 1YWN).

The alignment of the Hypo1l with hit compound (Fig. 7)
was compared with the energy-minimized docking model
of KDR kinase-inhibitor. A marked similarity was ob-
served between the hit compound binding features in

the energy-minimized docking model and that proposed
by the Hypol. This result confirmed clearly that the spe-
cific interaction between KDR kinase and hit compound
was consistent with that proposed by the phamacophore.

In summary, pharmacophore model Hypol was ob-
tained from the set of KDR kinase inhibitors. Hypol
consists of one hydrophobic, one hydrogen bond
acceptor, one hydrogen bond donor, and one ring
aromatic function. This pharmacophore model was
able to accurately predict known inhibitors, and the
validation results also provide additional confidence
in the proposed pharmacophore model. The model
was then employed as 3D search query to screen the
Traditional Chinese Medicine Database (TCMD). The
pharmacophore captured 392 hits, and the highest rank-
ing 20 compounds were selected for being further inves-
tigated. Lipinski ’rule of five’ to the problem of
recognizing ‘drug-like’ molecules has been employed,
one compound satisfies the demands of Lipinski ‘rule
of five’. This hit compound illustrated high KDR kinase

Figure 6. Model of 4-amino-furo [2,3-d] pyrimidine bound to KDR kinase (PDB code: 1YWN). Hydrogen bonds in black are shown.
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Figure 7. Best HypoGen pharmacophore model Hypol aligned to hit compound. Pharmacophore features are color-coded (hydrophobic, blue; ring
aromatic, orange; hydrogen bond donor, purple; hydrogen bond acceptor, green).

binding affinity measured by the surface plasmon reso-
nance biosensor. In addition, docking studies were sure-
ly help to elucidate the mechanisms of protein—inhibitor
interaction.

Supplementary data

Supplementary data associated with this article can be
found, in the online version, at doi:10.1016/j.bmcl.
2007.01.089.
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