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The present study utilizes for the first time the structural information of aromatase, an important phar-
macological target in anti-breast cancer therapy, to extract the pharmacophoric features important for
interactions between the enzyme and its substrate, androstenedione. A ligand-based pharmacophore
model developed from the most comprehensive list of nonsteroidal aromatase inhibitors (Als) is
described and explained, as well. This study demonstrates that the ligand-based pharmacophore model
contributes to efficacy while the structure-based model contributes to specificity. It is also shown that a
‘merged’ model (i.e., a merged structure-based and ligand-based model) can successfully identify known
Als and differentiate between active and inactive inhibitors. Therefore, this model can be effectively used
to identify the next generation of highly specific and less toxic aromatase inhibitors for breast cancer
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The present study utilizes for the first time the structural infor-
mation of aromatase, an important pharmacological target in anti-
breast cancer therapy, to extract the pharmacophoric features
important for interactions between the enzyme and its substrate,
androstenedione. A ligand-based pharmacophore model developed
from the most comprehensive list of nonsteroidal aromatase inhib-
itors (Als) is described and explained, as well. This study demon-
strates that the ligand-based pharmacophore model contributes
to efficacy while the structure-based model contributes to specific-
ity. It is also shown that a ‘merged’ model (i.e., a merged structure-
based and ligand-based model) can successfully identify known Als
and differentiate between active and inactive inhibitors. Therefore,
this model can be effectively used to identify the next generation of
highly specific and less toxic aromatase inhibitors for breast cancer
treatment.

Excluding cancers of the skin, breast cancer is the most fre-
quently diagnosed cancer in women' and ranks second as a cause
of tumor-related death after lung cancer. Currently, it is predicted
that one in eight American women will develop invasive breast
cancer some time during her life. Approximately two-thirds of
breast cancer tumors are hormone-dependent and require estro-
gens to grow.? One approach in treating hormone-dependent can-
cer involves interfering with endogenous hormone production.
Aromatase, also known as estrogen synthase, has always been con-
sidered the most promising target for the endocrine treatment of
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breast cancer’> because, through inhibition of the aromatase en-
zyme, estrogen production is decreased, and tumor growth is
stopped or reduced.

Aromatase is a multienzymatic complex that is mostly ex-
pressed in the ovaries of premenopausal women, in the placenta
of pregnant women, and, additionally, in peripheral adipose tissue,
breast tissue, and the brain.* The enzyme is overexpressed in or
near breast cancer tissue and is responsible for local estrogen pro-
duction and proliferation of breast cancer tumors.>® It is located in
the endoplasmic reticulum of cells and is composed of a cyto-
chrome P450 heme protein (CYP19), which carries out the aroma-
tization reaction, and a NADPH-cytochrome P450 reductase, a
flavoprotein required for the electron transfer from NADPH to
the cytochrome P450 enzyme.”® Aromatase catalyzes the synthesis
of estrogens via the aromatization of the A ring of androgen pre-
cursors, namely androstenedione and testosterone.

Considerable research efforts over the past decades have been
devoted to the study of this enzyme and to the development of po-
tent and selective agents able to interfere with its action. Several
classes of steroidal and nonsteroidal aromatase inhibitors (Als)
have been developed,>”°"2° and, on the basis of their inhibition
mechanism and chemical origin, these molecules are divided into
two classes: steroidal (type I) and nonsteroidal (type 11).2®

Steroidal Als are derivatives or analogues of the preferred
androgenic substrates and inhibit aromatase irreversibly. They
can be further divided into competitive inhibitors and mecha-
nism-based inhibitors. Competitive inhibitors bind non-covalently
to aromatase in a manner similar to that of the natural substrate


http://dx.doi.org/10.1016/j.bmcl.2010.03.113
mailto:gmustata@pitt.edu
http://www.sciencedirect.com/science/journal/0960894X
http://www.elsevier.com/locate/bmcl

Y. Muftuoglu, G. Mustata/Bioorg. Med. Chem. Lett. 20 (2010) 3050-3064 3051

and block it from being enzymatically modified by aromatase.
Mechanism-based inhibitors, also known as suicide inhibitors,
bind to the enzyme and are converted into a reactive intermediate
that covalently binds the enzyme and permanently inactivates it.
This process often destabilizes the enzyme and also increases its
rate of degradation by the intracellular proteosome.%?!

Nonsteroidal inhibitors, on the other hand, bind entirely non-
covalently and contain a heteroatom that coordinates with the iron
atom of the heme group to block the active site and reversibly in-
hibit the enzyme.?® These types of Als are further divided into cat-
egories based on the order in which they were discovered or
synthesized: first-, second-, and third-generation Als. Currently,
the third-generation of triazole-derived Als are approved as
front-line therapy for early and even advanced cases of breast can-
cer in postmenopausal women.?!?2

Nevertheless, for both steroidal and nonsteroidal Als, important
side effects—ranging from mild to severe, short-term to long-
term—have been suggested or reported. For example, steroidal
Als often give way to androgenic side effects where other related
systems are disturbed due to lack of inhibitor specificity.?*> Also,
prolonged estrogen deprivation can lead to bone loss, osteoporosis,
reproductive problems, or even other types of cancers.?!?*
Undoubtedly, for some women, the benefits of existent Als out-
weigh the associated side effects. However, for many women, qual-
ity-of-life issues are serious enough to cause them to discontinue
their use of the prescribed Als. Therefore, more selective and less
toxic CYP19 inhibitors are needed, especially since mutations in
intratumoral aromatase, which can cause changes in its stability,
efficiency, or sensitivity to different classes of Als, can vary from
patient to patient.®

Until fairly recently, no structural information on the enzyme
was available, except several homology models?>~2° that proved
to be valuable for understanding the binding determinants of sev-
eral classes of inhibitors.!>8%229-32 However, the low sequence
identity between members of different P450 families has limited
the success of these models in structure-based virtual screening.
The recent determination of the crystal structure (X-ray) of aroma-
tase complexed with androstenedione [PDB code: 3EQM]*3 reveals
the molecular basis for the enzyme’s androgenic specificity and un-
ique catalytic mechanism.

Androgens, the preferred substrates of aromatase, are believed
to enter the enzyme’s catalytic cleft and active site through an ac-
cess channel open to the outside.>® The catalytic cleft of the aroma-
tase enzyme encompasses a volume of approximately 400 A3
which is considerably smaller than the volume of about 530 A3 of
the binding pockets in CYP3A4 and CYP2D6, the two CYP450 en-
zymes with highest sequence identities to human aromatase.?
Due in part to this smaller volume and also to the unique locations
of the catalytically important residues, the catalytic cleft of aroma-
tase is very specific to its androgenic substrates.

Since there has been no recent report on developing inhibitors
using the newly published aromatase structure [PDB code:
3EQM],*? the present study provides a hypothetical picture of the
primary structural and chemical features responsible for activity
and is expected to provide useful knowledge for developing the
next generation of inhibitors targeted to human aromatase.

Using a comprehensive database of nonsteroidal Als and struc-
tural data on aromatase, two pharmacophore models—one ligand-
based (LB) and the other structure-based (SB), respectively,—were
developed. The LB pharmacophore model was generated using
Molecular Operating Environment (MOE)** while the SB pharma-
cophore model was generated on LigandScout.>>® These two mod-
els were then merged using MOE to generate a ‘Merged’ Model that
combined the different strengths of each original model.

Over the past several years, numerous potential inhibitors of
human aromatase have been tested for biological efficacy. To

create the LB pharmacophore model, a database of 56 active non-
steroidal aromatase inhibitors, presented in the literature as hav-
ing been tested in human placental microsome assays, plus nine
inactive nonsteroidal compounds, was compiled. Homologous half
maximal inhibitory concentration (ICsg) values for each were also
noted. This collection of 65 total nonsteroidal compounds was di-
vided into three sets: a Training Set (Table 1) to create the model
and two Test Sets—one Active (Table 2) and one Inactive (Table
3)—to validate it.

The Training Set was comprised of 20 of the most active yet
structurally diverse nonsteroidal Als. The Active Test Set differs
from the Training Set in that it contains 36 Als that are slightly less
potent, yet just as structurally diverse. The Inactive Test Set con-
tains nine potential inhibitors that have been determined to be
inactive against aromatase. Molecules in the Training Set and in
the two Test Sets were created using ChemSketch?” and were com-
piled into databases using the Molecule Builder function in MOE.>*

The LB pharmacophore model, generated with MOE, was de-
rived from the Training Set of 20 of the most potent yet structurally
diverse nonsteroidal Als known. This was done using the PCHD
scheme in the Pharmacophore Elucidation function in MOE,®
defining H-bond acceptors and donors features, as well as putative
points from hydrogen bond donors and acceptors that are pro-
jected in the approximate direction of the hydrogen bond.3® Differ-
ent conformations of the molecules of the Training Set were taken
into consideration using the Conformation Import function during
the Pharmacophore Elucidation.®

The resulting LB Model identified four pharmacophore features:
two hydrophobic/aromatic (Hyd|Aro), one hydrogen-bond accep-
tor (Acc), and one hydrogen-bond acceptor projection (Acc2). The
3D and 2D representations of the LB Model are shown in Figures
1 and 2, respectively. In Figure 1, the solid spheres represent the
four pharmacophore features identified by the LB Model. Figure 2
shows the dimensions of the model and the distances between
the pharmacophoric features. Featuring coverage of 20 out of 20
of the best structurally diverse Als, the LB Model was assigned an
overlap score of 12.7354 out of a maximum of 20 and an accuracy
of 100%.

Originally, attempts at generating the ligand-based (LB) phar-
macophore model were made based on sets of Als with activity
levels that are lower and more comparable to biologically relevant
potencies (data not shown). However, several problems with this
method soon became apparent. Since, in general, less potent Als
tend to differ considerably in chemical features and structural
characteristics, lower-potency ligand-based (LB) models based on
these Als could be made to encompass only a maximum of only
11 or 12 lower-potency Als. With some lower-potency Training
Sets, only a two-point LB model could be generated, if at all. On
the other hand, the final LB model based on the most potent Als al-
lowed for more than 20 compounds to align well enough for at
least four-point pharmacophore generation. It was also observed
that, if fewer than 20 of the most potent compounds were used,
a five-point model could be developed, as well (data not shown).

A three-dimensional (3D) pharmacophore model (i.e., struc-
ture-based pharmacophore model) of the CYP19 binding pocket
was created with LigandScout?>36 using the X-ray structure depos-
ited in the Protein Data Bank (PDB) [PDB code: 3EQM].>* The model
was based on interactions that define aromatase inhibition, such as
hydrophobic interactions, hydrogen bonding, and electrostatic
interactions.3>>% Features identified by the LigandScout software
are those that take into consideration chemical functionality but
not strict structural topology or definite functional groups. As a re-
sult, completely new potential pharmacons can be identified
through database screening. Moreover, to increase selectivity, the
LigandScout model includes spatial information regarding areas
inaccessible to any potential ligand, thus reflecting possible steric
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Table 1
Training Set of 20 highly active and structurally diverse aromatase inhibitors
# Compound name Chemical structure ICso (nM)
1 Vorozole*® SN 1.38
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N
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2 3-[Imidazol-1-yl-(4-nitro-phenyl)-methyl]-chromen-4-one“° 23
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3 CGS 18320B*
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4 Fadrozole** 5
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53
N
4 \)
N
6 (RS)-6-[1-(Imidazol-1-yl)-1phenylmethyl]-3-methyl-1,3-benzo-thiazol-2(3H)-one*” S 13
O:<
N
/
H,;C
NZ N HsQ N
\—y -
—N
7  Anastrozole' 15
H3C
N
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8  9-Hydroxy-7,8-benzoflavone®° O - / 20
HO O
N
L)
. CH,
9  1-Ethyl-3-1(4-fluoro-phenyl)(1H-imidazol-I-yl)-methyl]-2-methyl-1H-indole'* O z N/\CH 32
o 3
F
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Table 1 (continued)

# Compound name Chemical structure ICso (nM)
10 22e> 40
39
11 4a | \ 61
N~ O—CH,4
12 1-(4-Fluoro-benzy1)-3-1(H-I-imidazolyl-methy1)-IH-indole*! 71.8
N P Nﬁ
F —N
13 1-(9-Phenyl-9H-fluoren-9-yl)1H-imidazole** I N/\> 74
Ok
® L)
14 7¢ O © o / 85
S
] N
—N
15 5-Bromo-l-ethyl-3-[(I-H-I-imidazolyl) (phenyl)methyl]I-H-indole! 102
16 MR 204944 110
17  1-[(7-Fluoronaphth-2-yl)methyl]-1H-imidazole*® 160
18 N-[2-(4'-Nitrophenyl) ethyl]-imidazole®’ 160

(continued on next page)
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Table 1 (continued)

#  Compound name Chemical structure ICs0 (nM)
=4
19  5-[(Imidazol-1-yl)-methyl]-5,6,7,8-tetrahydroquinoline®? AN N/\ 160
20 4',5,7-OH-8-Prenylnaringenin®* 200
Table 2
Active Test Set of 36 active and structurally diverse aromatase inhibitors
# Compound name Chemical structure IC50 (nM)
N
3
N
1 Liarozole®” 5
(J T
cl N
H
I\
D
2 5-[(4-Chlorophen-yl)(1H-imidazol-1-yl)methyl]-1H-indole>® 9
(J T
cl N
H
7
N, )
N
3 Letrozole!* /‘)\‘\:: 115
NF S
I
4 7,8-Benzoflavone®' O ‘ 70
N—
63 o
5 MR 20492 \ // 200
= cl
N
S
(0]
X
6 35075-39-7%° 200
N
OH
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Table 2 (continued)

# Compound name Chemical structure IC50 (nM)
7 5§ 210
8 4p°! 310
9 Miconazole®® 600

10 MR 160898 650

11 Apigenin®® 900

12 TM-84 1.0

13 Chrysin®*>° 1

14 Clotrimazole®® 1.8

15 11p,13-Dihydro-10-epi-8-deoxycumam-brin B2 2

(continued on next page)
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# Compound name Chemical structure ICs0 (nM)
(0]
16 7,4'-Dihydroxyflavone®* O ‘ 2.0
HO o O
OH
HO
o O OH
17 Naringenin>* 2.9
HO
(0]
o / NH
, .
18 MR 208145 O’ 35
HCL
NH,
H3C ‘O
19 Aminoglutethimide®” 5.2
20 4,4'-Dihydroxy enterolactone®® 6
21 Enterolactone®® 6
22 TM-754 6.9
23 Quercetin®® 12
24 Flavone®! 8.0
25 Flavanone®® 8.7
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Table 2 (continued)
# Compound name Chemical structure IC50 (nM)
i)
N
26 4c%° 8.8
S
(¢]
Cl
CHj
CH,

27 Nordihydroguaiaretic acid®® 11
28 Dehydroleucodin® 15
29 TAN-9317° 17.2
30 Ludartin®? 55
31 Ketoconazole® 60
32 10-Epi-8-deoxy-cumambrin B%? 70
33 Biochanin A*° 10.2
34 T™M-9%* 13.7

(continued on next page)
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Table 2 (continued)

# Compound name Chemical structure ICs0 (nM)
(0]
CH, o‘ =
CHj3
35 2570 ’L 17.2
CH,
oH Q \
ch, ©
(0]
36 7-Hydroxy-flavone>® O 30.5
HO o O
Table 3

Inactive Test Set of nine inactive, yet structurally diverse aromatase inhibitors

# Compound name Chemical structure

1 3-Phenyl-7(phenyl methoxy)-2
-[(4’-pyri-dylmethyl)thio]-4H-1-benzo-pyran-4-one'4 ©/\

2 9a%7

3 3’ 4'-Dihydroxy-flavone®* O‘
OH
B\
4 5,6-Benzoflavone® 'O O
[¢]

5 3b7!

6 12b*7 O ‘
HO o]

+:O
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Table 3 (continued)

# Compound name

Chemical structure

Isoflavone®*

Daidzein®*

groups. The software automatically included 11 excluded volumes,
which are spaces that inhibitor atoms are not permitted to occupy,
to prevent the identification of inhibitor leads that would fit the
pharmacophore elements well but that would overlap with recep-
tor atoms. This resulted in a 14-point pharmacophore model with
11 excluded volumes, 1 hydrogen-bond acceptor projection
(Acc2), and 2 hydrophobic/aromatic (Hyd|Aro) features. The 3D

Figure 1. A 3D representation of the ligand-based (LB) pharmacophore model. Two representation of these features is shown in Figure 3, as is the 2D

hydrophobic groups (light yellow spheres), and two hydrogen-bond acceptors (red representation in Figure 4. Interactions between the ligand

spheres) are shown. (androstenedione), the heme moiety, and the active site residues

of human aromatase are depicted in Figure 5.

HydlAro
R=14A

Figure 4. A 2D representation of the structure-based (SB) pharmacophore model

..+~ [THR310A
. [HEMB00A
-~ \VAL373A

VAL370A

Figure 3. A 3D representation of the features in the structure-based (SB) pharma- O
cophore model generated with LigandScout® from human aromatase- androstene- I-&
dione complex [PDB code: 3EQM].>* Two hydrophobic groups (light yellow .

spheres), one hydrogen-bond acceptor projection (red projected point), and 11
excluded volumes (gray spheres) are shown.

restrictions. In particular, excluded volume spheres placed in posi-
tions that are sterically disallowed are automatically added to the i
generated pharmacophore model. In this way, the aromatase-de-
rived pharmacophore model contains the pharmacophore ele- B
ments of the candidate ligands in response to the protein’s active
site environment.

The obtained pharmacophore hypothesis contained three chem-

Figure 5. Interactions between the ligand (androstenedione), the heme moiety, and
ical features: one hydrogen-bond acceptor and two hydrophobic the active site residues of human aromatase.

MET374A



3060 Y. Muftuoglu, G. Mustata/Bioorg. Med. Chem. Lett. 20 (2010) 3050-3064

The LB and SB Models were fused in MOE to generate a ‘Merged’
Model. Using SVL files acquired from MOE support, each original
pharmacophore model (i.e., the LB and SB models) was converted
into molecules (ph4_to_mol.svl)—shown in Figures 6 (A and B)—
that were then superposed using the interactive superpose feature
on MOE until the smallest value for the root mean squared devia-
tion (RMSD = 0.11 A) was achieved. Next, these molecular models
were converted back into individual pharmacophore queries
(mol_to_ph4.svl) and manually merged (merge_ph4.svl) to create
the Merged Model. These SVL files are available upon request from
MOE support.

The Acc2 feature of the LB Model aligned with the Acc2 feature
of the SB Model, and the two pairs of Hyd|Aro features were also
overlaid. These molecular structures and their superposition are
shown in Figure 6c. The paired features were then averaged: using
the Meters function on MOE,*® the dimensions of the model were
determined and were used to create averaged features in place of
the individual, paired ones. Table 4 lists these distances and the
average radii that were generated. The 3D representation of the fi-
nal Merged Model is shown in Figure 7 as is its 2D representation
in Figure 8.

As was mentioned when describing the LB pharmacophore
model development, lower-potency LB models had been developed
prior to the high-potency model. When these lower-potency mod-
els were superposed with the SB pharmacophore model, it was
found that they did not align as well as the high-potency LB model.
This is evidenced by the difference in typical RMSD values: 1.24 A
with the lower-potency model versus 0.11 A with the high-potency
model. Specifically, when attempting to align the SB model with
the lower-potency LB model, it was found that the Acc2 of the SB
model is superposed upon the Acc chemical feature of the LB mod-
el, which is not chemically possible. The Merged Model derived
from the high-potency LB model, however, features almost impec-
cable alignment with the SB model: the Acc2 of the high-potency
LB model aligns directly with that of the SB model, and the Acc fea-
ture remains a feature uniquely derived through ligand-based
pharmacophore development (Fig. 6C). Thus, it was based on these
general trends that 20 of the most potent Als were used in the
Training Set to generate the ligand-based pharmacophore model.

The quality of the three pharmacophore models was tested
using an Active Test Set of 36 highly active nonsteroidal aromatase
inhibitors (Table 2) as well as an Inactive Test Set of nine inactive
compounds (Table 3) to see if the models could identify active Als
and differentiate between the active and inactive inhibitors. These
sets of molecules were screened against the pharmacophore mod-
els using the Pharmacophore Search function in MOE. A ‘hit’ was
defined as a compound that matched all of the characteristics of
a model: the compounds were tested against the four chemical fea-
tures of the LB model; the three chemical features and 11 excluded
volumes of the SB model; the four total chemical features and 11
excluded volumes of the Merged Model.

All three models successfully identified 20 out of 20 of the
Training Set Als (Table 1). The test molecules were mapped onto
each of the pharmacophore models (data not shown). Thirty-six

A B

Table 4
Averaging of the SB and LB features

Feature type Feature radius Distance between New average

(A) features (A) radius (A)
(LB) Acc2 1.000 0.130 1.065
(SB) Acc2 1.000
(LB) Hyd|Aro 1.400 0.100 1.455
(SB) Hyd|Aro 1.500
(LB) Hyd|Aro 1.400 0.100 1.455
(SB) Hyd|Aro 1500
®
L 3
7 ™
o L ]

Figure 7. A 3D representation of the Merged Pharmacophore Model. Two hydro-
phobic groups (light yellow spheres), one hydrogen-bond acceptor projection (red
projected point), and 11 excluded volumes (gray spheres) are shown.

HydlAro
R=155A

Figure 8. A 2D representation of the features in the Merged Pharmacophore Model.

molecules out of 36 were predicted as highly active, in perfect
agreement with the actual biological data. However, the SB model
was not able to distinguish very well between active versus inac-
tive compounds (i.e., 8 out of 9 inactive molecules were identified
by the model as being active). As shown in Table 5, the LB model is
more discriminating than the SB Model, reporting only six false
positives in the Inactive Test Set out of nine possible. The SB Model,
therefore, performs better in identifying active inhibitors, while
the LB model performs better in differentiating between active
and inactive compounds. The Merged Model, however, combines

C

Figure 6. Molecular representations of the ligand-based pharmacophore model (LB) (A), structure-based pharmacophore model (SB) (B), and the SB and LB Models

Superimposed (C).
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Table 5
Validation results of the three models using the Training Set and the two Test Sets

Training Set Active Test Set Inactive Test Set
LB Model 20/20 34/36 6/9
SB Model 20/20 36/36 8/9
MERGED Model 20/20 36/36 6/9

these strengths and proves superior to both of the original pharma-
cophore models.

Flexible docking studies were performed to see if plausible ini-
tial binding locations or orientations could be identified for some
of the known aromatase inhibitors. The Molegro Virtual Docker
program,’? which carries out docking studies based on a new hy-
brid search algorithm called guided differential evolution, was
used for these studies. The guided differential evolution algorithm
combines the differential evolution (DE) optimization technique
with a cavity prediction algorithm that is dynamically used during
the docking process.

The DE optimization technique works as follows. First, all indi-
vidual ligands are initialized and evaluated according to the fitness
function. The fitness of a candidate solution is the sum of the inter-
molecular interaction energy between the ligand and the protein
and the intramolecular interaction energy of the ligand. In this
study, the fitness was calculated using the docking score function
described below. Next, for each individual in the population, an off-
spring is created by adding a weighted difference of the parent
solutions, which are randomly selected from the population. After-
ward, the offspring replaces the parent, if and only if it is fitter.
Otherwise, the parent survives and is passed on to the next gener-
ation, which is an iteration of the algorithm. The termination con-
dition used stops the search process when the current number of
fitness—in other words, energy—evaluations performed exceeded
the maximum number of evaluations allowed, which is the maxi-
mum evaluations parameter setting. This process is conducted as
long as the termination condition is not fulfilled.

The docking scoring function of MolDock is based on a piece-
wise linear potential (PLP) introduced by Gehlhaar et al.”>74 and
further extended in GEMDOCK by Yang and Chen.”” In MolDock,
the docking scoring function is extended with a new term, taking
hydrogen bond directionality into account. The docking scoring
function, Escore, is defined by the following energy terms:

Escore = Einter + Eintra

where Ejye, is the ligand-protein interaction energy and is defined
as follows:

Eier = Y, Y

ieligand jeprotein

{Epw(r,j) + 332.0%}{}

The summation runs over all heavy atoms in the ligand and all
heavy atoms in the protein. The Ep;p term is the piecewise linear
potential described below. The second term describes the electro-
static interactions between charged atoms. It is a Coulomb poten-
tial with a distance dependent dielectric constant given by
D(r) = 4r. The numerical value of 332.0 fixes the units of the elec-
trostatic energy to kcal/mol. For distances less than 2.0 A, the elec-
trostatic energy is cut off at the level corresponding to a distance of
2.0 A to insure that no energy contribution can be higher than the
clash penalty.

Epip is a piecewise linear potential using two different sets of
parameters: one set for approximating the steric van der Waals term
between atoms and the other stronger potential for hydrogen bonds.
Abond is considered a hydrogen bond if one of the atoms can donate
a hydrogen atom and the other atom can accept it. The PLP hydrogen
bond term mentioned above only depends on the distance between
atoms. Ejyr, is the internal energy of the ligand:

Eintra = Z

icligand jeligand
+ Eclash

Z Epip(ry) + Z

flexible bonds

A[l —cos(m -6 — 6o)]

The double summation is between all atom pairs in the ligand,
excluding atom pairs that are connected by two bonds or less. The
second term is a torsional energy term, parametrized according to
the hybridization types of the bonded atoms. The last term, Ejasp,
assigns a penalty of 1000 if the distance between two atoms (more
than two bonds apart) is less than 2.0 A. Thus, the Ej,s, term pun-
ishes infeasible ligand conformations.

Docking analyses in this study were used to analyze predictions
for interactions between aromatase and two of the most potent
inhibitors featured in this study, the results for which are ex-
plained below. The MVD algorithm for docking combines an algo-
rithm for cavity detection in the 3D structure of the target protein
with an optimization algorithm that evaluates different poses for
the protein-ligand complex. Since the PDB file for the crystal struc-
ture of aromatase [PDB code: 3EQM]> contains the preferred sub-
strate androstenedione bound to it at the active site, it became
possible also to identify residues surrounding the binding pocket.
Fifty-two such residues were identified and adjusted to take into
account side-chain flexibility, and a search sphere radius of 17 A
was necessary to encompass them.

One large cavity (volume =515.072 A%) was detected and is
shown in Figure 9. This volume agrees with the accepted literature
value for the volume of the binding pocket (volume <400 A3)*
since the binding pocket is also included in the cavity. The shape
of this cavity is also supported by literature stating that the access
channel of this protein links its active site with the environment on
the outer surface, allowing preferred androgenic substrates to dif-
fuse through the channel toward the active site directly from with-
in the membrane of the endoplasmic reticulum to which
aromatase is lipid-linked.>®

The Refined Docking scheme features a three-stage process that,
through optimization and individualized pose selection, focuses in
on the most stable binding conformation of each separate ligand.
The three stages are explained below:

Stage One: entry into the binding pocket. In setting up the docking
runs, receptor flexibility was set to soften potentials during dock-
ing and minimize the receptor for each pose found. MolDock Score
[GRID]”? was chosen as the scoring function. The origin was set to

Figure 9. Access channel and 52 flexible side chains of aromatase represented in
gray mesh spheres. The heme is represented in stick and color coded by atom.
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Cavity 1 (volume: 515.07 A3, surface: 884.48 A?), and the radius of
the constraint sphere was set to 10 A. MolDock SE (simplex evolu-
tion) search algorithm was used for the search algorithm, and 50
runs with a population size of 100 where set for generation. Poses
were constrained to the cavity, and pose clustering was set to re-
turn one pose per run. From the 50 poses generated per ligand
docked, the pose with the lowest interaction energy was chosen
in proceeding to Stage Two. In this way, the first stage of docking
elucidates how the inhibitor fits into the enzyme, particularly
whether or not it will find space in the binding pocket. Also, in
the case of larger nonsteroidal inhibitors with long side chains, this
stage of docking gives clues as to the most probable orientation of
the molecule with respect to the access channel and active site
area.

Stage Two: heteroatom coordination predictions. Ligands derived
from the Stage One pose for each ligand were docked in Stage
Two as described above, except that the origin of docking was cho-
sen individually according to the size and shape of each ligand, and
the constraint sphere radius was decreased from 10 to 7 A. This
modification was made in an effort to focus the ligand to an area
in which the ligand side chains could be contained within the gen-
erated binding pocket and the entire ligand itself could be situated
close enough to the heme moiety for enzyme inhibition. From
among the 50 poses generated per ligand, low-energy poses that
featured heteroatom coordination were selected. Heteroatom coor-
dination was classified as any heteroatom, typically nitrogen, but
also oxygen and sulfur atoms,?*#° at a distance of 4 A or less from
the iron atom of the aromatase heme moiety. Stage Two poses for
each ligand were converted into new ligands that were then pre-
pared for Stage Three docking.

The second stage of this docking protocol therefore serves to
implicate heteroatoms of nonsteroidal Als as possible coordination
partners to the iron atom of the aromatase heme moiety. Coordina-
tion as the sixth ligand of this heme group is predicted to be the
main mechanism of action for nonsteroidal Als, and this stage of
the protocol generates predictions as to how this is accomplished.
In addition, the second stage of docking allows for further orienta-
tion and refinement of steroidal ligand conformations in the bind-
ing pocket.

Table 6
Results generated from virtual refined docking

Stage Three: refinement of best predictions. Ligands derived from
the Stage Two poses were docked in Stage Three as described
above, except that each ligand was now used as its own reference
ligand, which changes the origin of docking to the reference ligand
itself. The radius of the constraint sphere was held constant at 7 A.
As such, Stage Three of Refined Docking allowed for optimization
of the most important generated poses. From among all of the
poses generated for each separate ligand, the lowest-energy poses
were chosen and identified as representing the conformation in
which the ligand is most stable in the binding pocket and the con-
formation in which the ligand spends most of its time. Therefore,
the third and final stage of docking refines and optimizes the pre-
dictions made in the previous stage. After this stage of docking, an
optimal orientation for inhibition as well as the identity of the het-
eroatom responsible for heme coordination can be determined
with confidence.

For validation purposes the Refined Docking protocol was first
applied to the androstenedione substrate, and the docked pose
was found to be very close to the position of the substrate in the
X-ray structure [PDB code: 3EQM]*3 (i.e., RMSD = 0.32 A). The same
protocol was applied for the two most potent nonsteroidal, voroz-
ole®® and 3-[imidazol-1-yl-(4-nitrophenyl)-methyl]-chromen-4-
one.*? The results showed that the MolDock Scores and Interaction
Energy values for the two nonsteroidal Als analyzed are compara-
ble to the respective values for the preferred substrate androstene-
dione, and that a heteroatom for heme coordination is likely to be
implicated in each nonsteroidal Al (see Table 6 and Fig. 10). There-
fore, the high capability of prediction of the Refined Docking proto-
col proves that it can be used to virtually evaluate the potency of
members of new classes of nonsteroidal aromatase inhibitors that
will later be identified though the pharmacophore modeling and
screening strategy described above.

In this study, the power of merging the two types of pharmaco-
phore models—ligand-based (LB) and structure-based (SB)—has
been demonstrated. The LB Model contributed its specificity to dis-
criminate against inactive compounds while the SB Model contrib-
uted its ability to identify all active Als. Thus, both models and both
types of information—known active and inactive inhibitors as well
as the structure of the enzyme—are essential to the development of

Compound name ICso value (nM)

Chemical structure

Interaction energy (kJ/mol) MolDock score

Androstenedione (preferred substrate)

Vorozole®® 1.38

3-[Imidazol-1-yl-(4-nitrophenyl)-methyl]-chromen-4-one*® 2.3

—133.713 —143.464
—174.87 —155.107
‘ —180.541 —175.752
+:O
° )
&

¥
Heteroatom involved in heme coordination.
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Figure 10. Best Poses for Vorozole (A) and 3-Imidazolyl (B). The heme is represented in stick and colored by atom; the adrostenedione substrate is colored in green; the Als

are shown in ball-and-stick.

a successful pharmacophore model and, subsequently, to the iden-
tification of more potent, highly specific, and potentially less toxic
aromatase inhibitors.

The utility of our ‘Merged’ Pharmacophore is shown by the fact
that the model elaborated within this study was able to accurately
predict known inhibitors and successfully discriminate between
active and inactive compounds. The mapping information based
on the pharmacophore model that was developed is now being
used to identify novel lead compounds with improved inhibitory
activity through 3D database searches. The implementation of this
in silico structure-based drug design approach to identify and de-
velop aromatase inhibitors represents a viable strategy to discover
new, more efficacious aromatase inhibitors with less adverse side
effects for breast cancer treatment. If successfully carried out, this
study will enable the determination of the in vivo efficacy of the
newly identified inhibitor(s) and launch their further development
as potential drugs for breast cancer patients.
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