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Abstract

The flexibility of activated factor X (fXa) binding site was assessed employing ligand-based pharmacophor modeling combined with
genetic algorithm (GA)-based QSAR modeling. Four training subsets of wide structural diversity were selected from a total of 199 direct fXa
inhibitors and were employed to generate different fXa pharmacophoric hypotheses using CATALYST® software over two subsequent stages.
In the first stage, high quality binding models (hypotheses) were identified. However, in the second stage, these models were refined by
applying variable feature weight analysis to assess the relative significance of their features in the ligand-target affinity. The binding models
were validated according to their coverage (capacity as a three-dimensional (3D) database search queries) and predictive potential as three-
dimensional quantitative structure–activity relationship (3D-QSAR) models. Subsequently, GA and multiple linear regression (MLR) analy-
sis were employed to construct different QSAR models from high quality pharmacophores and explore the statistical significance of combi-
nation models in explaining bioactivity variations across 199 fXa inhibitors. Three orthogonal pharmacophoric models emerged in the optimal
QSAR equation suggesting they represent three binding modes accessible to ligands in the binding pocket within fXa.
© 2005 Elsevier SAS. All rights reserved.
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1. Introduction

Thrombosis-related ischemic diseases are leading causes
of death in the world. Unfortunately, these diseases are still
treated by relatively antiquated drugs. However, an exciting
new wave of antithrombotic compounds has recently emerged
in clinical trials. A particularly attractive new class of anti-
thrombotic agents is the direct fXa inhibitors, which appear
to provide an enhanced risk-to-benefit margin compared to
conventional anticoagulation therapies [1,2].

Factor X (fX), which is responsible for the activation of
prothrombin, has long been recognized to play a significant
role in hemostasis [3]. Studies on activated factor X (fXa)
deficiency have indicated that fXa activity must be less than

5% of its normal levels in order to result in spontaneous bleed-
ing tendencies [4]. This suggests that fXa activity can be sup-
pressed markedly without affecting hemostasis, which is a
desirable characteristic for anticoagulants of clinical poten-
tial. Selective fXa inhibitors appear to reduce thrombin gen-
eration at the thrombus [5], to prevent thrombus growth [6]
and even to dissolve formed thrombi, i.e. “dethrombosis”
[1,7]. A growing number of reviews [8–13] and publications
[14–25] have demonstrated the recent interest in potent and
selective fXa inhibitors.

fXa is a two-chain macromolecule, consisting of a
c-carboxyglutamic acid (Gla) domain followed by two epi-
dermal growth factor (EGF)-like repeats (the light chain)
joined by a disulphide bond to a serine protease domain (the
heavy chain) [12,26–28].

The binding site of fXa includes two main regions named
the S1 and S4 pockets and several side pockets involved in
substrate recognition. The S1 pocket is a narrow cleft that
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extends about 8 Å deep into the core of the protein. It is bor-
dered by planar hydrophobic walls and terminates with a nega-
tively charged aspartate [27,28]. On the other hand, the
S4 pocket consists of a surface cleft characterized by hydro-
phobic aromatic (HbicArom) floor and walls. It usually
accommodates hydrophobic residues, however, it has been
suggested that it might participate in favorable interactions
with a positive charge [28–31].

A typical direct fXa inhibitor includes three molecular frag-
ments. (i) A positively charged group (P1) intended to fit into
the S1 pocket [14,31–33]. (ii) An aromatic fragment (P4)
intended to interact with the S4 pocket [14,26,34,35]. (iii) A
central linker designed to project the substituents appropri-
ately into their corresponding pockets [9,31,36–40].

The extensive structural diversity of known direct fXa
inhibitors [9,32,36,41–43] suggests the existence of discrete
multiple binding modes within fXa binding site to provide
complementary pockets for such diverse ligands. Further-
more, a recently published crystallographic study revealed
the existence of two binding modes adopted by four different
ligands within the S4 pocket of fXa [14]. The apparent flex-
ibility of fXa binding site has prompted an attempt to iden-
tify corresponding accessible binding modes employing
molecular dynamics simulation [44].

Obviously, using a single protein conformation for design-
ing new ligands ignores important dynamic aspects of protein-
ligand binding. In particular, the “induced fit” effects are
ignored [45,46]. Furthermore, binding site flexibility esti-
mates may be of direct use in ligand design for they indicate
which parts of the ligand may tolerate variations in size, sub-
stituents and conformations [47]. Moreover, conformational
flexibility and strain energy of the ligand play critical roles in
affinity interactions. It has been shown that, on average, each
freely rotating bond in a ligand reduces binding free energy
by 0.7 kcal/mol [48]. Many examples are known were rigidi-
fication of a flexible ligand causes a substantial boost in affin-
ity. However, rigidifying a flexible ligand into the wrong con-
formation will produce substantially less active or inactive
compound [49].

Current computational models describing binding site flex-
ibility can be roughly divided into four different categories:
(a) use of soft receptors that relax energetic penalties due to
steric clashes [49,50]. (b) Selection of few critical rotable
degrees of freedom in the receptor binding site [50–55]. (c)
Systematic conformer searches of amino acids’ side chains at
the binding site followed by molecular mechanical energy
evaluation [56]. (c) Molecular dynamics and free energy cal-
culations conducted on flexible enzyme, ligand structures and
explicit solvent molecules [57,58]. (d) Use of multiple crys-
tallographic receptor structures either individually or by com-
bining them using an averaging scheme [50,59].

Nevertheless, the problem of docking or designing fully
flexible ligands to match fully flexible receptors remains
daunting [50,60]. We believe that the current computational
strategies directed towards assessing the flexibility of macro-
molecular binding sites suffer from two major drawbacks.

Firstly, their computational cost, which reduces their effec-
tiveness in virtual screening and fast docking. Secondly, their
complete reliance on crystallographic structures. Although
crystallographic data are considered the most reliable struc-
tural information that can be used for drug design, they are
associated with some serious problems: (i) decisions whether
to leave buried water molecules in the binding site or not have
to be taken into consideration prior to ligand design and/or
docking studies [49]. (ii) Inadequate resolution of crystallo-
graphic structures. The most reliable resolution for structure-
based drug design has been recently recommended to be
below 1.5 Å [61]. Incidentally, reported fXa structures exhib-
ited mediocre resolutions (1.9–2.7 Å) [12,14,27,28,31,62].
(iii) Crystallization-related artifacts, e.g. structural distor-
tions inflected upon the three-dimensional (3D) structure of
the ligand-protein complex during crystallization [63]. (vi)
Crystallographic structures lack information on hydrogen
atoms, so it should be appropriately assumed whether ionize-
able moieties exposed in the active site exist in their ionized
form or not prior to in-silico design [49,64].

The great recent interest in designing new fXa inhibitors,
combined with the drawbacks of structure-based flexibility
assessment methods prompted us to evaluate an interesting
and novel ligand-based approach as a tool for characterizing
fXa binding site flexibility. The proposed approach was car-
ried out over two subsequent stages. Firstly, the pharmacoph-
oric space of the targeted enzyme (i.e. fXa) was extensively
explored utilizing the three-dimensional quantitative struc-
ture–activity relationship (3D-QSAR) software program
CATALYST® [65–67]. In the subsequent phase, genetic algo-
rithm (GA) and multiple linear regression (MLR) analyses
were employed to select an optimal combination of orthogo-
nal pharmacophores that best explain the observed bioactivi-
ties, i.e. best possible QSAR model. Such combination of
pharmacophores should correspond to accessible binding
modes available for ligands in the fXa binding pocket.

CATALYST® models drug-receptor interaction using infor-
mation derived only from the drug structure [67–69]. It auto-
matically generates pharmacophore models that correlate the
biological activity observed for a series of compounds to their
chemical structures. Molecules are described as collection of
chemical functionalities arranged in 3D space. The confor-
mational flexibility of training ligands is modeled by creat-
ing multiple conformers, judiciously prepared to emphasize
representative coverage over a specified energy range. A set
of chemical features common to the input molecules (train-
ing set) that correlates best with the biological activity is deter-
mined. This 3D array of chemical features (known as hypoth-
esis) provides a relative alignment for each input molecule
consistent with their binding to a proposed common receptor
site. The chemical features considered can be Hydrogen Bond
Doners (HBDs) and acceptors, aliphatic and aromatic hydro-
phobes, positive and negative charges, positive and negative
ionizable groups and aromatic planes. Successful examples
involving the use of CATALYST® have been reported,
wherein the CATALYST® derived pharmacophore has been
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used efficiently as a query for database searching and 3D-
QSAR studies [70–73].

2. Modeling methods

2.1. Software and hardware

The following software packages were utilized in the
present research.
• CATALYST 4.6,Accelrys Inc. (http://www.accelrys.com),

USA.
• Alchemy 2000, version 2.05, Tripos Inc. (http:

//www.tripos.com), USA.
• CS ChemDraw Ultra 6.0, Cambridge Soft Corp. (http:

//www.cambridgesoft.com), USA.
• QSARIS, Scivision Inc. (http://www.scivision.com), USA.

Now a property of MDL Inc., Germany.
Pharmacophor modeling studies were performed using

CATALYST® 4.6 installed on a Silicon Graphics O2 desktop
workstation equipped with a 300 MHz MIPS R12000 proces-
sor (256 MB RAM) running the Irix 6.5 operating system.
However, various physicochemical descriptors were calcu-
lated employing Alchemy2000® and QSARIS® installed on
a Pentium III personal computer running Microsoft Win-
dows 98.

2.2. Data set

The structures of 199 diverse fXa inhibitors were col-
lected from recently published literature [9,32,41–43]. The
corresponding bioactivities are expressed as the dissociation
constants of the enzyme-inhibitor complexes (Ki values).
Table 1 and Fig. 1 illustrate the collected structures and cor-
responding Ki values.

2.3. Molecular modeling

The two dimensional (2D) chemical structures of the
inhibitors were sketched using ChemDraw Ultra (installed
on a Pentium III personal computer) and saved in MDL-
molfile format. Subsequently, these 2D structures were
imported into CATALYST®, converted into corresponding
standard 3D structures and energy-minimized to the closest
local minimum using the molecular mechanics CHARMm
force field implemented in CATALYST®. The resulting 3D
structures were utilized as starting conformers for CATA-
LYST® conformational analysis, and were stored in MDL-
molfile format for calculating variety of physicochemical
properties by QSARIS® and Alchemy2000®.

2.3.1. Conformational analysis
Molecular flexibility was taken into account by consider-

ing each compound as a collection of conformers represent-
ing different areas of the conformational space accessible to
the molecule within a given energy range. Accordingly, the

conformational space of each inhibitor (1–199, Table 1 and
Fig. 1) was explored adopting the “Best conformer genera-
tion” option within CATALYST®, which is based on the gen-
eralized CHARMm force field implemented in the program.
Default parameters were employed in the conformation gen-
eration procedure, i.e. conformational ensembles were gen-
erated with an energy threshold of 20 kcal/mol from the local
minimized structure and a maximum limit of 250 conformers
per molecule. Hence, this search procedure will probably iden-
tify the best 3D arrangement of chemical functionalities
explaining the activity variations among the training set
[65,66,80,81].

2.3.2. Generation of pharmacophoric hypotheses
All 199 molecules with their associated conformational

models were regrouped into a spreadsheet. The biological data
of the inhibitors were reported with an “Uncertainty” value
of 3, which means that the actual bioactivity of a particular
inhibitor is assumed to be situated somewhere in an interval
ranging from one-third to three-times the reported bioactiv-
ity value of that inhibitor [67,74]. The uncertainty values
should minimize regression errors resulting from slight dif-
ferences in bioassay conditions adopted by different research
groups.

Subsequently, four structurally diverse training subsets
(Table 2) were carefully selected from the collection for phar-
macophore modeling. Typically, CATALYST® requires infor-
mative training sets that include at least 16 compounds of
evenly spread bioactivities over at least four orders of mag-
nitude. Lesser training lists could lead to chance correlation
and thus faulty models. On the other hand, large training sets
(>45 compounds) may render the computation time exces-
sively lengthy without significant improvements in the result-
ing models [67,74].

The selected training sets were utilized to conduct nine
modeling runs to explore the pharmacophoric space of fXa
inhibitors (see Section 3.2). Different hypotheses were gen-
erated by altering feature selection and number of allowed
features in the resulting pharmacophors (Tables 2 and 3). Fur-
thermore, CATALYST® was allowed to explore the weights
of individual features in three trials (runs 7, 8 and 9 in Table 3).

Pharmacophor modeling employing CATALYST® pro-
ceeds through three successive phases: the constructive phase,
subtractive phase and optimization phase [67,74]. During the
constructive phase, CATALYST® generates common confor-
mational alignments among the most-active training com-
pounds. Only molecular alignments based on a maximum of
five chemical features are considered. The program identifies
a particular compound as being within the most-active cat-
egory if it satisfies Eq. (1) [67,74]:

(1)� MAct × UncMAct � - � Act/UncAct � > 0.0

where, “MAct” is the activity of the most-active compound
in the training set, “Unc” is the uncertainty of the compounds
and “Act” is the activity of the training compounds under ques-
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Fig. 1. Mined fXa inhibitors.
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Fig. 1. (continued)
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tion. However, if there are more than eight most-active inhibi-
tors, only the top eight are used.

In the subsequent subtractive phase, CATALYST® elimi-
nates some hypotheses that fit inactive training compounds.
A particular training compound is defined as being inactive if
it satisfies Eq. (2) [67,74]:

(2)log � Act � - log � MAct � > 3.5

However, in the optimization phase, CATALYST® applies
fine perturbations in the form of vectored feature rotation,
adding new feature and/or removing a feature, to selected
hypotheses that survived the subtractive phase, in an attempt
to find new models of enhanced bioactivity/mapping correla-
tion, i.e. improved 3D-QSAR properties. Eventually, CATA-
LYST® selects the highest-ranking models (10 by default)
and present them as the optimal pharmacophore hypotheses
resulting from the particular automatic modeling run.

The followings are important CATALYST® control param-
eters used for hypotheses generation [66]:

• MinPoints: The default value of this parameter is 4, speci-
fying a minimum of 4 individual feature components for a
generated hypothesis.

• MinSubset points: Only configurations of features in input
molecules, with at least the number of points specified by
this option, are considered when identifying a candidate
hypothesis. The default value is 4.

• Superposition error, check superposition and tolerance fac-
tor: The three control parameters together check the super-
position of compounds for hypothesis generation.All three
have a default value of 1. Reducing the value from its
default tightens the fit.

• Feature misses: This specifies the number of compounds
allowed not to map any particular feature in a generated
hypothesis. The default value is 1.

• Mapping coefficient: This parameter controls the impor-
tance of having compounds with similar structure map to
a hypothesis in a similar way. Increasing this parameter
will penalize the hypotheses that deviate from this behav-
ior. The default value is 0.

Table 2
Training subsets employed in exploring the pharmacophoric space of fXa inhibitors, numbers correspond to compounds in Table 1 and Fig. 1

Training set Most-active subseta Intermediate subset Least active subsetb

I 26, 31, 48, 75, 123, 142 4, 23, 74, 108, 147, 150, 193, 198, 199 85, 89, 111, 159, 192, 197
II 18, 26, 71, 113, 120, 122, 130, 168 4, 5, 24, 28, 100, 102, 110, 126, 148, 149, 163,

169, 172, 175, 177, 182
3, 20, 99, 104, 111, 114, 133, 137, 158, 161,
170, 192, 194, 195, 197

III 24, 31, 72, 113, 117, 121, 134, 142 4, 5, 16, 17, 27, 28, 95, 100, 102, 110, 126,
148, 149, 163, 169, 172, 175, 177, 182

3, 20, 99, 104, 111, 114, 133, 137, 158, 161,
170, 192, 194, 195, 197

IV 18, 26, 71, 113, 120, 122, 130, 168 4, 5, 24, 28, 49, 68, 93, 95, 100, 102, 105, 110,
126, 136, 144, 148, 149, 160, 163, 167, 169,
172, 175, 177, 182, 187

3, 20, 99, 104, 111, 114, 133, 137, 158, 161,
170, 192, 194, 195, 197

a Potency categories as defined by Eqs. (1) and (2).
b Potency categories as defined by Eqs. (1) and (2).

Table 3
Training sets and CATALYST® run parameters employed in exploring fXa pharmacophoric space

Run number Training seta Number of training
compounds

Selected input features: types and rangesb Other run parametersc,d

1 I 21 HBD (0–3), HBA (0–3), AromRing (0–3), PosIoniz (0–3),
HbicArom (0–3)

Min–max: 4–5

2 I 21 HBD (0–3), HBA (0–3), AromRing (0–3), PosIoniz (0–3),
HBicArom (0–3)

Min–max: 5–5

3 II 39 HBD (0–3), HBA (0–3), AromRing (0–3), PosIoniz (0–3),
HbicArom (0–3)

Min–max: 4–5

4 II 39 HBD (0–3), HBA (0–3), AromRing (0–3), PosIoniz (0–3),
HbicArom (0–3)

Min–max: 5–5

5 III 42 HBD (0–3), HBA (0–3), AromRing (0–3), PosIoniz (0–3),
HbicArom (0–3)

Min–max: 4–5

6 III 42 HBD (0–3), HBA (0–3), AromRing (0–3), PosIoniz (0–3),
HbicArom (0–3)

Min–max: 5–5

7 IV 49 HBA (1–1), HbicArom (2–2), AromRing (1–1), PosIoniz (1–1) Min–max: 5–5, VW
8 IV 49 HBA (2–2), HbicArom (2–2), PosIoniz (1–1) Min–max: 5–5, VW
9 IV 49 HBA (2–2), AromRing (1–1), PosIoniz (1–1) Min–max: 4–4, VW

a The numbers correspond to training sets in Table 2.
b HBA: Hydrogen Bond Acceptor, HBD: Hydrogen Bond Doner, AromRing: Aromatic Ring, HbicArom: Hydrophobic Aromatic, PosIoniz: Positive Ioniza-

ble. The allowed ranges of input features are in brackets.
c Min–max: allowed minimum and maximum number of output features, VW: allowed variable feature weight.
d The spacing parameter was set to 10 pm in all runs, unmentioned parameters were set to their default values.
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Table 1
Mined fXa inhibitors and their corresponding Ki values (nM)

Compound R1 R2 R3 n W X Y Z Activity Ki (nM)
1 Amidino – – – – – – – 34
2 Guanidino – – – – – – – 9
3 – – – – – – – – 800
4 – – – – – – – – 61
5 – – – – – – – – 41
6 – – – – – – – – 140
7 – – – – – – – – 38,500
8 4-Amidino – – – – – – – 1700
9 3-Amidino – – – – – – – 1400
10 H – – – – – – – 270
11 CH2CO2Me – – – – – – – 94
12 – – – – – – – – 18
13 H – – – – – – – 200
14 SO2NH2 – – – – – – – 6.3
15 SO2Me – – – – – – – 4.2
16 – – – – – CH2 – – 10
17 – – – – – CH2CH2 – – 1.3
18 – – – – – CH2O – – 0.53
19 Me – – – – CH2 – – 3.4
20 H – – – – CH2 – – 600
21 Me – – – – O – – 3.1
22 i-Pr – – – – O – – 1.8
23 Benzyl – – – – – – – 102
24 Benzylsulfonyl – – – – – – – 10
25 Thiophen-2-sulfonyl – – – – – – – 12
26 Benzyl – – – – – – – 0.8
27 2-Thiophene – – – – – – – 3.4
28 5-Amidino – – – – – – – 400
29 6-Amidino – – – – – – – 2.4
30 – – – – – CH – – 2.1
31 – – – – – CBr – – 0.32
32 – – – – – N – – 0.44
33 – – – – – – – – 1.2
34 CO2Me – – – – CH N – 0.83
35 CO2Me – – – – N N – 2.3
36 OEt – – – – CH N – 0.8
37 N-tetrazolyl – – – – CH CH – 0.52
38 N-tetrazolyl – – – – CH N – 0.11
39 N-tetrazolyl – – – – – – – 1.6
40 Me – – – – – – – 11
41 OMe – – – – – – – 3.4
42 N-tetrazolyl – – – – – – – 2.3
43 Me – – – – – – – 1.8
44 OMe – – – – – – – 0.55
45 – – – – – – – – 7.2
46 3-Amidino NH2 CH CH C O C N 2.5
47 3-Amidino NH2 CH CH C N C-NH2 O 0.4
48 3-Amidino NH2 CH CH C N NMe CH 0.2
49 3-Amidino NH2 CH CH C N CCH3 NH 6
50 3-Amidino NH2 CH CH C NH C=O NH 2.3
51 3-Amidino NH2 CH CH C N CCH3 S 0.06
52 3-Amidino NH2 CH CH C N CH S 0.8
53 3-Amidino NH2 CH CH C N CH CH=CH 1
54 3-Amidino NH2 CH CH C CH CH CH=CH 8.2
55 3-Amidino NH2 CH CH N CH CH CH 0.8
56 3-Amidino NH2 CH CH N N CH CH 0.16
57 3-Amidino NH2 CH CH N N N CH 0.023

(continued on next page)
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Table 1
(continued)

Compound R1 R2 R3 n W X Y Z Activity Ki (nM)

58 3-Amidino NH2 CH CH N N N N 0.037

59 3-Amidino NH2 CH CH N CH CH N 0.33

60 3-Amidino NH2 CH CH N CH N CH 1.1

61 3-Amidino NH2 CH CH N N C-CH3 CH 0.01

62 3-Amidino NH2 N N N N C-CH3 CH 0.041

63 3-Amidino NH2 N CH N N C-CH3 CH 0.007

64 3-Amidino NH2 N CH N N C-CF3 CH 0.009

65 3-Amidino NH2 CH CH N N C-CF3 CH 0.015

66 3-Amidino NH2 CF CH N N C-CF3 CH <0.005

67 3-Amidino Me CF CH N N C-CF3 CH <0.005

68 3-CH2NH2 NH2 CH CH N N C-CH3 CH 2.7

69 3-CH2NH2 NH2 CH CH N N C-CF3 CH 0.91

70 3-CH2NH2 NH2 CF CH N N C-CF3 CH 0.36

71 3-CH2NH2 Me CF CH N N C-CF3 CH 0.15

72 3-Amidino NH2 CH CH C N O CH 0.15

73 – – – – – – – – 17,000

74 – – – – – – – – 200

75 4-Amidino 4-Amidino – 2 – CH2 – – 0.66

76 4-Amidino 4-Amidino – 1 – CH2 – – 18

77 4-Amidino 4-Amidino – 3 – CH2 – – 4.6

78 4-Amidino 4-Amidino – 4 – CH2 – – 2.8

79 4-Amidino 4-Amidino – 5 – CH2 – – 110

80 4-Amidino 4-Amidino – 1 – CH-CO2H – – 6.9

81 4-Amidino 4-Amidino – 1 – CH-CO2Me – – 4.8

82 4-Amidino 4-Amidino – 1 – CH-Ph – – 5.2

83 4-Amidino 4-Amidino – 1 – N-CO2Et – – 2.5

84 4-C(O)-NH2 4-C(O)-NH2 – 2 – CH2 – – >5000

85 4-C(NH)-NMe2 4-C(NH)-NMe2 – 2 – CH2 – – 1600

86 4-C(NH)-NH2 4-C(NH)-NHMe – 2 – CH2 – – 12

87 4-C(NH)-NH2 4-C(NH)-NMe2 – 2 – CH2 – – 18

88 4-C(NH)-NH2 4-C(O)-NH2 – 2 – CH2 – – 50

89 4-Amidino H 4-Amidino – N H H H 400

90 4-Amidino H 4-Amidino – N Cl H Cl 620

91 4-Amidino H 4-Amidino – CH Cl H Cl 1100

92 3-Amidino H 3-Amidino – N H H H 53

93 3-Amidino H 3-Amidino – N Cl H Cl 130

94 3-Amidino H 3-Amidino – N F H F 24

95 3-Amidino H 3-Amidino – N F CH3 F 13

96 3-Amidino H 3-Amidino – N F OCH3 F 23

97 3-Amidino H 3-Amidino – N H H CO2H 95

98 3-Amidino H 3-Amidino – N H H CO2Et 190

99 3-Amidino H 3-Amidino – N H H C(O)-NH2 600

100 3-Amidino H 3-Amidino – N H H C(O)-
NHMe

230

101 3-Amidino H 3-Amidino – N H H C(O)-
NMe2

32

102 3-Amidino H 3-Amidino – N H H NH2 53

103 3-Amidino H H – N F CH3 F >5000

104 3-Amidino H 3-CO2H – N F CH3 F 8000

105 3-Amidino H 3-NMe2 – N F CH3 F 160

106 3-Amidino H 3-CH2NH2 – N F CH3 F 1400

107 3-Amidino H 3-NEt2 – N F CH3 F 400

108 3-Amidino H 3-C(O)NMe2 – N F CH3 F 80

(suite page suivante)
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Table 1
(continued)

Compound R1 R2 R3 n W X Y Z Activity Ki (nM)
1 Amidino – – – – – – – 34
2 Guanidino – – – – – – – 9
3 – – – – – – – – 800
4 – – – – – – – – 61
5 – – – – – – – – 41
6 – – – – – – – – 140
7 – – – – – – – – 38,500
8 4-Amidino – – – – – – – 1700
9 3-Amidino – – – – – – – 1400
10 H – – – – – – – 270
11 CH2CO2Me – – – – – – – 94
12 – – – – – – – – 18
13 H – – – – – – – 200
14 SO2NH2 – – – – – – – 6.3
15 SO2Me – – – – – – – 4.2
16 – – – – – CH2 – – 10
17 – – – – – CH2CH2 – – 1.3
18 – – – – – CH2O – – 0.53
19 Me – – – – CH2 – – 3.4
20 H – – – – CH2 – – 600
21 Me – – – – O – – 3.1
22 i-Pr – – – – O – – 1.8
23 Benzyl – – – – – – – 102
24 Benzylsulfonyl – – – – – – – 10
25 Thiophen-2-sulfonyl – – – – – – – 12
26 Benzyl – – – – – – – 0.8
27 2-Thiophene – – – – – – – 3.4
28 5-Amidino – – – – – – – 400
29 6-Amidino – – – – – – – 2.4
30 – – – – – CH – – 2.1
31 – – – – – CBr – – 0.32
32 – – – – – N – – 0.44
33 – – – – – – – – 1.2
34 CO2Me – – – – CH N – 0.83
35 CO2Me – – – – N N – 2.3
36 OEt – – – – CH N – 0.8
37 N-tetrazolyl – – – – CH CH – 0.52
38 N-tetrazolyl – – – – CH N – 0.11
39 N-tetrazolyl – – – – – – – 1.6
40 Me – – – – – – – 11
41 OMe – – – – – – – 3.4
42 N-tetrazolyl – – – – – – – 2.3
43 Me – – – – – – – 1.8
44 OMe – – – – – – – 0.55
45 – – – – – – – – 7.2
46 3-Amidino NH2 CH CH C O C N 2.5
47 3-Amidino NH2 CH CH C N C-NH2 O 0.4
48 3-Amidino NH2 CH CH C N NMe CH 0.2
49 3-Amidino NH2 CH CH C N CCH3 NH 6
50 3-Amidino NH2 CH CH C NH C=O NH 2.3
51 3-Amidino NH2 CH CH C N CCH3 S 0.06
52 3-Amidino NH2 CH CH C N CH S 0.8
53 3-Amidino NH2 CH CH C N CH CH=CH 1
54 3-Amidino NH2 CH CH C CH CH CH=CH 8.2
55 3-Amidino NH2 CH CH N CH CH CH 0.8
56 3-Amidino NH2 CH CH N N CH CH 0.16
57 3-Amidino NH2 CH CH N N N CH 0.023

(continued on next page)
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Table 1
(continued)

Compound R1 R2 R3 n W X Y Z Activity Ki (nM)
109 3-Amidino H 3-C(O)NEt2 – N F CH3 F 400
110 3-Amidino H 3-C(O)NH2 – N F CH3 F 280
111 3-Amidino 6-OMe 3-C(O)NMe2 – N F CH3 F 740
112 3-Amidino 6-NH2 3-C(O)NMe2 – N F CH3 F 14
113 3-Amidino 6-OH 3-C(O)NMe2 – N F CH3 F 1.2
114 3-Amidino 2-OH 3-C(O)NMe2 – N F CH3 F >5000
115 3-Amidino 6-OH 3-C(O)NMe2 – N H CO2H H 3.9
116 3-Amidino 2-OH 2-OMe, 5-COO2H – – – – – 0.18
117 3-Amidino 2-OH 2-OCH3 – – – – – 0.56
118 3-Amidino 2-OH 2-OMe, 4-CO2H – – – – – 0.33
119 3-Amidino 2-OH 2-OH, 4-CO2H – – – – – 0.12
120 3-Amidino 2-OH 3-CONH2, 5-CO2H – – – – – 0.22
121 3-Amidino 2-OH 2,6-Me, 4-CO2H – – – – – 0.25
122 3-Amidino 2-OH 2-Cl, 4-CO2H – – – – – 0.3
123 – – – – – – – – 0.11
124 COOMe CH=CHPh H – – H – – 9.4
125 COOMe CH2Ph H – – H – – 11
126 COOMe CH3 H – – H – – 5.3
127 COOMe CH3 2-NO2 – – H – – 1.1
128 COOMe CH3 3-NO2 – – H – – 1.1
129 COOMe CH3 3, 4-OMe – – H – – 1.3
130 COOMe CH3 3-CH2NH2 – – H – – 0.9
131 COOMe CH3 3-CH2NMe2 – – H – – 1
132 COOMe CH3 3-CH2NMe3

+ – – H – – 1

133 COOMe CH3 3-CH2NHCO2Et – – H – – >1200

134 COOMe CH3 3-CONH2 – – H – – 0.5

135 COOMe CH3 4-CONH2 – – H – – 2

136 COOMe CH3 4-CO2H – – H – – 69

137 H H H – – H – – 1000

138 H H H – – OH – – 88

139 H H 3-CONH2 – – OH – – 7

140 – – H – – – – CH 51

141 – – 3-CONH2 – – – – CH 5

142 – – 3-CONH2 – – – – N 0.75

143 – – – – – – – 3

144 – – – – – – – 46

145 – – – – – – – 0.4

146 – – – – – – – 12

147 – – – – – – – 42

148 H H – – – – – 100

(continued on next page)
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Table 1
(continued)

Compound R1 R2 R3 n W X Y Z Activity Ki (nM)

149 H H – – – – – 120

150 H H – – – – – 47

151 CH3 H – – – – – 22

152 CH3 H – – – – – 440

153 CH2CH3 H – – – – – 43

154 CH2Ph H – – – – – 41

155 H – – – – – 19

156 H – – – – – 56

157 H H – – – – – 3

158 H H – – – – – 1000

159 H H – – – – – 280

160 H H – – – – – 70

161 H H – – – – – 500

162 H H – – – – – 120

(continued on next page)
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Table 1
(continued)

Compound R1 R2 R3 n W X Y Z Activity Ki (nM)

163 H 4-OH – – – – – 440

164 H H – – – – – 100

165 H H – – – – – 47

166 H H – – – – – 19

167 H H – – – – – 78

168 H 4-OH – – – – – 0.7

169 H H – – – – – 88

170 H – – – – – 970

171 H – – – – – 11

172 H – – – – – 22

173 H – – – – – 83

174 CH3 – – – – – 7

175 H – – – – – 170

(continued on next page)
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Table 1
(continued)

Compound R1 R2 R3 n W X Y Z Activity Ki (nM)
176 H – – – – – 22

177 H – – – – – 210

178 H – – – – – 41

179 – – – – – – 4

180 – – – – – – 43

181 – – – – – – 17

182 – – – – – – 340

183 – – – – – – 42

184 – – – – – – 18

185 – – – – – – – 18

186 – – – – – – – 1.3

187 – – – – – – – 58

188 – – – – – – – 200

(continued on next page)
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Table 1
(continued)

Compound R1 R2 R3 n W X Y Z Activity Ki (nM)
189 – – – – – – – 0.8

190 – – – – – – – 0.004

191 – – – – – – – 0.022

192 – – – – – – – – 900
193 – – – – – – 230

194 – – – – – – 7000

195 – – – – – – 1300

196 – – – – – – 9800

197 OCH3 OCH3 – – – NH C=O H 770
198 CH3 t-Bu – – – C=O NH H 294.1
199 OCH3 t-Bu – – – C=O NH NHSO2Me 74.1

• Spacing: This parameter controls the minimum allowed
inter-feature distance in the resulting hypotheses. The
default value is 297 picometers. However, in the current
study, the spacing was set to 10 picometers to generate
more meaningful hypotheses that reflect the feature-rich
nature of fXa inhibitors [66].

• Weight variation: In a CATALYST® generated pharma-
cophore model each feature represents certain orders of
magnitude of activity of the compound. The extent to which
this magnitude is explored by the hypothesis generator is
controlled by the parameter weight variation [75]. By
default, CATALYST® keeps the value of function weights
close to 2. However, in the current study, CATALYST®

was allowed to explore variable feature weights in runs 7,
8 and 9 (see Section 3.2 and Table 3).

2.3.3. Assessment of the generated hypotheses

2.3.3.1. Automatic assessment. When generating hypoth-
eses, CATALYST® tries to minimize a cost function consist-
ing of three terms: weight cost, error cost and configuration

cost [66,67,74–76]. Weight cost is a value that increases as
the feature weight in a model deviates from an ideal value of
2. The deviation between the estimated activities of the train-
ing set and their experimentally determined values adds to
the error cost. The third term penalizes the complexity of the
hypothesis, i.e. the configuration cost. This is a fixed cost,
which is equal to the entropy of the hypothesis space. The
more the numbers of features (a maximum of 5) in a gener-
ated hypothesis, the higher is the entropy with subsequent
increase in this cost. The overall cost (total cost) of a hypoth-
esis is calculated by summing over the three cost factors. How-
ever, error cost is the main contributor to total cost. CATA-
LYST® also calculates the cost of the null hypothesis, which
presumes that there is no relationship in the data and that
experimental activities are normally distributed about their
mean. Accordingly, the greater the difference from the null
hypothesis cost, the more likely that the hypothesis does not
reflect a chance correlation. In a successful automatic mod-
eling run, CATALYST® ranks the generated models accord-
ing to their total costs [66]. Table 4 shows the total costs and
null costs for some selected superior fXa inhibitor pharma-
cophore hypotheses.
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2.3.3.2. Evaluation of hypotheses as database search
queries and predictive 3D-QSAR models. The cost-based
hypotheses ranking concept implemented in CATALYST®

depends heavily on the training compounds employed in the
respective modeling run. Accordingly, it is fairly inaccurate
to compare two or more CATALYST® pharmacophores
derived from different training sets according to their total
costs. The current project involves exploring and evaluating
various pharmacophores originating from different training
sets. Therefore, a standard validation approach was devel-
oped and employed to allow effective ranking of pharmacoph-
oric models regardless to the training sets that yielded them.
The proposed validation proceeded as follows. Hypotheses

created by each automatic CATALYST® run were clustered
into five groups utilizing the hierarchical average linkage
method available in CATALYST®. Thereafter, the highest-
ranking hypothesis within each cluster (i.e. of lowest cost)
was selected to represent the corresponding cluster in subse-
quent assessment. Representative models were then evalu-
ated as database search queries, and as predictive 3D-QSARs
models against the complete list of fXa inhibitors (1–199,
Table 1 and Fig. 1). Accordingly, these compounds (and asso-
ciated conformational ensembles) were enlisted in a data-
base that was subjected to “Best Flexible Database Search”
against the particular pharmacophore undergoing validation.
Pharmacophoric coverage is defined as the total number of

Table 4
The performance of representative fXa pharmacophore hypotheses as predictive 3D-QSARs and database search queries (see Section 2.3.3)

Run Hypothesesa Pharmacophoric features in generated
hypotheses

Total cost Cost of null
hypothesis

Residual
cost

Rb SCCc Coverage

1 2d HBA, HBD, AromRing, PosIoniz 119.1 154.2 35.1 0.83 0.41 52
3 HBA, HBD, HbicArom, PosIoniz 122.7 154.2 31.5 0.83 0.53 69
6 HBA, HBD, AromRing, PosIoniz 125.3 154.2 28.9 0.78 0.39 74

2 1 HBA, HBD, 2 × HbicArom, PosIoniz 109.7 154.2 44.5 0.91 0.45 89
2 2 × HBA, 2 × HbicArom, PosIoniz 114.9 154.2 39.3 0.83 0.52 121
4 HBA, HBD, 2 × HbicArom, PosIoniz 119.3 154.2 34.9 0.81 0.32 117
8 HBA, HBD, 2 × HbicArom, PosIoniz 123.1 154.2 31.1 0.78 0.40 130
9 HBA, HBD, 2 × HbicArom, PosIoniz 124.2 154.2 30.0 0.76 0.39 52

3 1 2 × HBA, AromRing, PosIoniz 212.0 281.6 69.6 0.81 0.66 74
3 2 × HBA, AromRing, PosIoniz 241.2 281.6 40.4 0.67 0.64 126
4 HBA, 2 × AromRing, PosIoniz 243.5 281.6 38.1 0.64 0.59 87
6 HBA, 2 × AromRing, PosIoniz 245.0 281.6 36.6 0.66 0.60 66
9 2 × HBA, AromRing, PosIoniz 248.7 281.6 32.9 0.62 0.59 112

4 1 2 × HBA, 2 × HbicArom, PosIoniz 213.4 281.6 68.2 0.79 0.63 93
2 2 × HBA, 2 × HbicArom, PosIoniz 238.7 281.6 42.9 0.64 0.65 78
7 HBA, 2 × HbicArom, AromRing, PosIoniz 250.4 281.6 31.2 0.57 0.63 132
10 HBA, 3 × HbicArom, PosIoniz 254.0 281.6 27.6 0.55 0.60 117

5 6 2 × HBA, AromRing, PosIoniz 253.3 299.3 46.0 0.65 0.54 100
8 HBA, HBD, AromRing, PosIoniz 255.3 299.3 44.0 0.66 0.47 49
9 HBA, HBD, AromRing, PosIoniz 257.0 299.3 42.3 0.62 0.49 69

6 1 HBA, HBD, 2 × HbicArom, PosIoniz 213.1 299.3 86.2 0.85 0.43 71
5 HBA, HBD, 2 × HbicArom, PosIoniz 244.2 299.3 55.1 0.68 0.39 32
8 2 × HBA, 2 × HbicArom, PosIoniz 246.6 299.3 52.7 0.66 0.42 126

7 1 HBA, 2 × HbicArom, AromRing, PosIoniz 275.2 324.4 49.2 0.71 0.59 103
4 HBA, 2 × HbicArom, AromRing, PosIoniz 289.5 324.4 34.9 0.64 0.66 102
8 HBA, 2 × HbicArom, AromRing, PosIoniz 301.6 324.4 22.8 0.58 0.44 140
9 HBA, 2 × HbicArom, AromRing, PosIoniz 302.4 324.4 22.0 0.57 0.44 144
10 HBA, 2 × HbicArom, AromRing, PosIoniz 304.4 324.4 20.0 0.56 0.52 56

8 1 2 × HBA, 2 × HbicArom, PosIoniz 269.8 324.4 54.6 0.74 0.65 84
2 2 × HBA, 2 × HbicArom, PosIoniz 294.2 324.4 30.2 0.61 0.66 90
3 2 × HBA, 2 × HbicArom, PosIoniz 300.5 324.4 23.9 0.57 0.54 93
4 2 × HBA, 2 × HbicArom, PosIoniz 302.8 324.4 21.6 0.56 0.65 76
9 2 × HBA, 2 × HbicArom, PosIoniz 310.4 324.4 14.0 0.53 0.67 80

9 1 2 × HBA, AromRing, PosIoniz 270.1 324.4 54.3 0.76 0.60 43
2 2 × HBA, AromRing, PosIoniz 279.0 324.4 45.4 0.72 0.55 14
3 2 × HBA, AromRing, PosIoniz 281.6 324.4 42.8 0.71 0.54 99
6 2 × HBA, AromRing, PosIoniz 289.9 324.4 34.5 0.65 0.61 90
8 2 × HBA, AromRing, PosIoniz 291.0 324.4 33.4 0.64 0.61 72

a High ranking representative fXa hypotheses (represent their corresponding clusters). Representative models of very low predictive (SCC) values were
omitted from the table.

b The correlation coefficients between bioactivity estimates and bioactivities of corresponding training compounds.
c The SCC determined for each hypothesis against the activities of 199 inhibitors.
d Serial numbers given by CATALYST® for individual hypotheses and reported in the log book of the corresponding automatic run.
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inhibitors captured by the respective model. Table 4 shows
the pharmacophoric coverage values observed for the repre-
sentative pharmacophores. On the other hand, the predictive
potential of any representative model was assessed by statis-
tically correlating bioactivity estimates, produced by fitting
the 199 fXa inhibitors (Table 1) against the pharmacophore
under validation, and the corresponding experimental bioac-
tivities. The activity of any compound can be estimated from
a particular hypothesis through Eq. (3) [65,66].

(3)log � Estimated activity � = 10 � I-Fit �

where, I = the intercept of the regression line obtained by
plotting the log of the biological activity of the training set
compounds against the Fit values of the training compounds.
The Fit value for any compound is obtained automatically
employing Eq. (4) [66].

(4)
Fit = � mapped hypothesis features ×W

�1- � hypothesis feature � disp/tol �2
�

where, W weight of the corresponding hypothesis feature
spheres, adaptively determined; disp = distance of the map-
ping function on the molecule to the hypothesis feature sphere
center; tol = radius of the hypothesis feature sphere (known
as Tolerance and it is related to the uncertainty values of
reported bioactivities). Practically, the predictive capacity of
any hypothesis was determined by using the SCORE com-
mand within “Generate Hypothesis” workbench of CATA-
LYST® against the 199 inhibitors. Hence we termed the result-
ing correlation coefficient as the scoring correlation coefficient
(SCC). Table 4 illustrates the SCC values determined for rep-
resentative fXa pharmacophore models. Interestingly, al-
though some hypotheses were assigned high correlation coef-
ficients against their training sets (i.e. low total costs) by
CATALYST®, they exhibited poor coverage and SCC values,
e.g. Hypo1/2, Hypo2/1, Hypo2/4 and Hypo6/1.

2.3.4. QSAR modeling

2.3.4.1. Molecular descriptors. QSAR modeling was per-
formed employing QSARIS® [78]. The 3D energy-minimized
chemical structures of fXa inhibitors (1–199, Table 1) were
imported into QSARIS® from CATALYST® in MDL-molfile
format. Thereafter, QSARIS® was utilized to compute a vari-
ety of molecular descriptors for the inhibitors. A total of 228
descriptors in five categories were calculated: (i) simple and
valence connectivity indices (52 indices), (ii) electro-
topological indices (126 E-state indices), (iii) Kappa Shape
Indices (eight parameters), (iv) general molecular properties
(29 descriptors, e.g. logP, molecular weight, number of dif-
ferent elements, HBDs/acceptors, volume, surface, ovality,
etc...) and (v) molecular moment descriptors (13 parameters)
[77]. Thereafter, the 3D structures (1–199, Table 1) were
imported into Alchemy2000® to calculate a variety of elec-
tronic descriptors employing semi-empirical quantum me-
chanical methods (MOPAC, PM3 model) without further
energy minimization. The following descriptors were calcu-
lated employing Alchemy2000®: energies of highest occu-
pied and lowest unoccupied molecular orbitals (HOMO and
LUMO), heats of formation, dipole moments and ionization
potentials. Finally, the logarithmic transformations of bioac-
tivity estimates produced by fitting the 199 inhibitors against
best pharmacophores (17 models of SCC ≥ 0.59, Table 5)
were imported into QSARIS® and combined with other
molecular descriptors. Then, the GA module implemented
within QSARIS® was utilized to select an optimal combina-
tion of descriptors for MLR. Statistical outliers were identi-
fied from experimental-versus-predicted plots and were sub-
sequently removed (i.e. compounds 20, 73, 49, 75, 114, 133
and 171, Table 1).

2.3.4.2. Genetic algorithm selection of molecular descrip-
tors. GA techniques rely on the evolutionary operations of
“crossover and mutation” to select optimal combination of

Table 5
The highest-ranking pharmacophor models according to their SCC

Pharmacophore modela Coverage Features of resulting pharmacophores SCC
Hypo8/9 80 HBA (2); HbicArom (2); 1 PosIoniz (1) 0.674
Hypo8/2 90 HBA (2); HbicArom (2); 1 PosIoniz (1) 0.663
Hypo7/4 102 HBA (1); HbicArom (2); AromRing (1); 1 PosIoniz (1) 0.659
Hypo3/1 74 HBA (2); AromRing (1); 1 PosIoniz (1) 0.655
Hypo8/4 76 HBA (2); HbicArom (2); 1 PosIoniz (1) 0.652
Hypo4/2 78 HBA (2); HbicArom (2); 1 PosIoniz (1) 0.648
Hypo8/1 84 HBA (2); HbicArom (2); 1 PosIoniz (1) 0.647
Hypo3/3 126 HBA (2); AromRing (1); 1 PosIoniz (1) 0.644
Hypo4/1 93 HBA (2); HbicArom (2); 1 PosIoniz (1) 0.633
Hypo4/7 132 HBA (1); HbicArom (2); AromRing (1); 1 PosIoniz (1) 0.628
Hypo9/6 90 HBA (2); AromRing (1); 1 PosIoniz (1) 0.614
Hypo9/8 72 HBA (2); AromRing (1); 1 PosIoniz (1) 0.612
Hypo3/6 66 HBA (1); AromRing (2); 1 PosIoniz (1) 0.603
Hypo9/1 43 HBA (2); AromRing (1); 1 PosIoniz (1) 0.595
Hypo7/1 103 HBA (1); HbicArom (2); AromRing (1); 1 PosIoniz (1) 0.591
Hypo3/9 112 HBA (2); AromRing (1); 1 PosIoniz (1) 0.590

a Hypo8/9 means hypothesis number 9 generated in run number 8 (Table 4).
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descriptors capable of explaining bioactivity variation among
training compounds. GA operates through a cycle of four
stages: (i) encoding mechanism; (ii) definition of a fitness
function; (iii) creating a population of chromosomes; (iv)
genetic manipulation of chromosomes [77,78]. The coding
scheme used in QSARIS® is gene-based. In this scheme, the
possible regression models (chromosomes) differ from one
another by the set of independent variables (descriptors) that
comprise each model. If the general number of independent
variables (descriptors) is equal to P (in this particular case, P
= 250 variable), the chromosome corresponding to any model
consists of a string of P binary digits (bits) called “genes”.
Each value in the string represents an independent variable
(0 = absent, 1 = present). Each chromosome is associated
with a fitness value that reflects how good it is compared to
other solutions. The fitness function employed herein is based
on Friedman’s ‘lack-of-fit’ (LOF); Eqs. (5) and (6):

(5)Fit =
1

LOF

(6)LOF =
RSSp ⁄N

�1−
d ·� p+1 �

N �2

where, p is the number of independent variables in the model;
N is the number of samples in the data set; RSSp is a residual
sum of squares based on the regression model using p inde-
pendent variables; d is a smoothing factor to be set by the
user according to practical considerations (from 1 up to 4).
The other operations of the genetic methods are depicted in
the flowchart in Fig. 2. The followings are important QSA-
RIS® control parameters used in the GA-based selection of
optimal descriptors [77,78]:

• Creating an initial population: The user must specify a
number of initial random chromosomes. In the current
research, we decided to start with 100 initial random chro-
mosomes, which correspond to the maximal limit of ini-
tial chromosomes in QSARIS®.

• Choosing a parent: Parent selection in GA aims at provid-
ing more reproductive chances (mating) for the fittest chro-
mosomes. Our diagnostic trials indicated that the Linear
Ranking Parent Selection Scheme yielded optimal QSAR
models for the current fXa inhibitors. In this scheme the
probability of selecting each parent is directly propor-
tional to its ordinal fitness number in the population
[78,79].

• Mating population: Mating is an operation during which
two parents’ chromosomes are combined to generate new
solutions (offspring). For a couple of parents two param-
eters are to be configured: (i) the probability of mating,
which can take values between 0.0 and 1.0 (set to 0.90 in
the current project). (ii) The number of offspring chromo-
somes from the same parents (set to 2 in the present work).
QSARIS® offers three possible crossover operators for
mating: (a) one-point crossover, (b) two-point crossover,
and (c) uniform crossover. Diagnostic trials performed on
the current fXa data indicated that uniform crossover
yielded superior QSAR models. In uniform crossover each
gene for a given offspring can be independently chosen
from one parent or the other. The other offspring receives
the complementary value [78,79].

• Mutation operator: This operator modifies any single chro-
mosome with a given probability, which can take values
between 0.0 and 1.0. A mutation operator changes one or
more bits in the chromosome to its complement. It is pos-
sible to define single or two-point randomly chosen muta-
tions. In addition, uniform mutation is possible, where at
least one gene is changed. Diagnostic trials employing the
current fXa data have shown that uniform mutation with a
0.7 probability yielded the best results [78,79].

• The offspring process: Displacing an existing member with
better offspring. The following variants are possible in
QSARIS®: (i) replace weakest members of the population
with the best offspring, and (ii) derive the next population
from the best solutions only. In the present case we
achieved optimal QSAR models through replacing the
weakest parents with best offspring.

• Maximum number of generations: This is needed for an
exit from a basic cycle and completion of the algorithm.
Table 6 summarizes the optimal GA parameters employed

in the development of fXa inhibitors’ QSAR model.

2.3.4.3. Cross-validation of QSAR model. The final statisti-
cal model was automatically cross-validated utilizing the
leave-one-out technique. In this technique, each observation
is systematically deleted from the dataset and predicted by
re-computing the regression model from the remaining obser-
vations. The resulting correlation coefficient (R2) is called

Fig. 2. A flowchart of the GA processing for QSAR analysis.
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multiple-Q2 (or R2
press). This cross-validation approach often

gives an indication of potential for prediction [78].

3. Results and discussion

CATALYST® enables automatic pharmacophore construc-
tion by using a collection of molecules with activities rang-
ing over a number of orders of magnitude. The pharmacoph-
ore (hypothesis) produced by CATALYST® explains the
variability of activity of the molecules with respect to the geo-
metric localization of the chemical features present in the mol-
ecules used to build it. The pharmacophore model consists of
a collection of features necessary for the biological activity
of the ligands arranged in 3D space (e.g. Hydrogen Bond
Acceptors (HBA) and donors, hydrophobic regions, etc...).
Different hypotheses were generated for a series of fXa inhibi-
tors. A total of 199 compounds were used in this study
(Table 1). Four training subsets were selected from the col-
lection. Each subset consisted of inhibitors of wide structural
diversity. The biological activity in each group spanned nearly
four orders of magnitude. GA and MLR statistical analysis
were subsequently employed to select an optimal combina-
tion of complementary pharmacophores capable of explain-
ing bioactivity variations among all 199 fXa inhibitors.

3.1. Data mining and conformational coverage

An extensive literature search was conducted to collect
structurally diverse set of fXa inhibitors (1–199, Table 1).
Evidently, effective pharmacophore modeling requires train-
ing sets of adequate structural diversity to elucidate the com-
mon functional features responsible for ligand-receptor affin-
ity across wide ligand diversity.

The conformational space of each fXa inhibitor (com-
pounds 1–199, Table 1) was extensively sampled utilizing the
poling algorithm of CATALYST®. Poling promotes confor-

mational variation via employing molecular mechanical force
field algorithm that penalizes similar conformers, and thus
improves the coverage of the conformational space [80,81].
For each of the training set compounds, a conformational data-
base was generated using the ‘best conformer generation’
option. This option considers the arrangement in space of
chemical features rather than simply the arrangement of atoms
and uses the poling function. The algorithm intends to opti-
mize the conformational coverage versus the size of the
assembly [80,81]. Effective conformation coverage guaran-
tees minimal conformation-related noise during pharmacoph-
ore generation and validation. Pharmacophore modeling and
pharmacophor-based database search procedures are known
to be sensitive to inadequate conformational sampling of train-
ing compounds [74,75,82].

3.2. Ligand-based exploration of fXa pharmacophoric
space

In order to effectively explore the flexibility of fXa bind-
ing site, it is necessary to identify all possible pharmacoph-
oric modes assumed by various ligands within the binding
pocket of fXa. However, CATALYST® implements an opti-
mization algorithm that evaluates large number of potential
models within the pharmacophoric “space” of a particular
target through fine perturbations to hypotheses that survived
the subtractive and constructive phases (see Section 2.3.2)
[74]. The extent of the evaluated space is reflected by the
configuration (Config.) cost calculated for each modeling run.
It is generally recommended that the Config. cost of any
CATALYST® run not to exceed 17 (corresponding to 217

hypotheses to be assessed by CATALYST®), otherwise a thor-
ough analysis of all models cannot be guaranteed [75].
Undoubtedly, the size of the investigated pharmacophoric
space is a function of training compounds, selected input
chemical features and other CATALYST® control param-
eters such as feature tolerances and weights [75]. Conceiv-
ably, restricting the extent of explored pharmacophoric space
might improve the efficiency of optimization via allowing
effective evaluation of limited number of pharmacophoric
models. On the other hand, severe restrictions imposed on
the pharmacophoric space might reduce the possibility of dis-
covering optimal pharmacophoric hypotheses, particularly if
they occur outside the “boundaries” of the constrained space.
Consequently, it was reasoned that in order to discover the
pharmacophores that represent fXa binding site flexibility, it
is essential to initially identify optimal “area(s)” within the
pharmacophoric space of fXa inhibitors. Subsequent thor-
ough evaluation of the identified optimal pharmacophoric
area(s) should uncover significant models that collectively
represent ligand flexibility within the binding site. In order to
achieve that, a two-stage optimization process was employed.
In the first stage (runs 1–6 in Table 3), the interest was to
identify an optimal training set that provides access to prom-
ising areas within the pharmacophoric space of fXa inhibi-
tors. Three training sets were selected for stage I exploration:

Table 6
GA control parameters employed in the QSAR modeling of fXa inhibitors

Parameter Description
1 Initial population 100
2 Mating Uniform crossover
3 Probability of mating 0.9
4 Mutation Uniform mutation
5 Mutation parameter 0.7
6 Choosing parents Linear ranking selection
9 Number of offspring from the same

parents
2

7 Number of the all generated offspring
for population update

60

8 Number of replaced worst parent
solutions for best offspring solutions

6

10 Probability for a variable to be
included

0.05

11 Total number of generations 4000
12 Fitness function Freidman’s LOF

(smoothing parameter = 2)
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I, II and III in Table 2. The three sets were selected in such
away to guarantee maximal 3D diversity and continuous bio-
activity spread over four logarithmic cycles. The “bound-
aries” of the investigated pharmacophoric space in stage I
were set by selecting input pharmacophore features in agree-
ment with published SAR studies and crystallographic data.
For example, the fact that crystallographic information sug-
gested the involvement of a negatively charged aspartate
(within S1 pocket) in salt-bridge formation with some ligands
[26] prompted us to select positive ionizable (PosIoniz) func-
tionality as possible pharmacophoric feature. In the same man-
ner, the following features were fed into CATALYST® dur-
ing stage I modeling trials: HBA, HBD, HbicArom, aromatic
ring (RingArom) and PosIoniz. Moreover, CATALYST® was
restricted to evaluate 4- and 5-featured models only, which
are assumed to reflect the feature-rich nature of fXa inhibi-
tors (Table 3).

On the other hand, the boundaries of the investigated phar-
macophoric space (i.e. in stage I) were extended as wide as
possible by allowing the number of investigated features of
any particular type to vary from 0 to 3 (Table 3), i.e. the soft-
ware was allowed to investigate hypotheses that include 0, 1,
2 or 3 features of any given type (e.g. HBD, hydrophobic,
etc...).

Upon careful validation of stage I hypotheses (see Section
2.3.3, Table 4), it became clearly evident that the highest-
ranking 4- and 5-featured models were Hypo3/3 (run 3-model
3) and Hypo4/7 (run 4-model 7, Table 4) respectively. Both
models combine superior predictive properties (SCC > 0.60)
and coverage (>120 hits out of the 199 inhibitors). Interest-
ingly, both models originated from the same set of training
compounds, i.e. set II (Table 2). Presumably, the emergence
of high quality models from this set is related to the optimal
3D diversity of its member compounds.

The superiority of Hypo3/3 and Hypo4/7 suggests that they
represent “actual” binding features. However, being extracted
from wide pharmacophoric space (by exploring 0–3 features
of any particular type), both models were assumed to exhibit
rough 3D properties, i.e. inter-feature distances and angles.
This assumption is supported by the observed high Config.
cost values of stage I models (>16.4, Table 7). Therefore, it
was reasoned that further exploration is recommended to

search for models of superior 3D characters within the vicin-
ity of Hypo3/3 and Hypo4/7, i.e. pharmacophores of identi-
cal feature types and numbers and enhanced inter-feature dis-
tances and angles. Accordingly, the pharmacophoric features
of Hypo3/3 and Hypo4/7 were employed in “focused” stage
II modeling (runs 7 and 9, Table 3). Furthermore, we were
prompted to enroll the pharmacophoric features of
Hypo4/1 and Hypo4/2 in stage II exploration (run 8, Table 3)
due to their superior predictive properties (SCC ≈ 0.64,
Table 4).

Consequently, the pharmacophoric features of Hypo4/1,
Hypo4/2 and Hypo4/7 were employed to explore 5-featured
space (runs 8 and 7, Table 3), while those of Hypo3/3 (and
Hypo3/1) were utilized to investigate four-featured pharma-
cophores (run 9, Table 3). Additionally, stage II runs were
configured to explore models of variable feature weights
(Table 3). Feature weight designates the relative significance
of the particular feature exerted on ligand-target affinity.
Allowing the weight to vary in CATALYST® could create
pharmacophores more suited to encode the subtle nature of
the receptor-ligand interactions [75]. However, because vari-
able weight analysis was accompanied by explosive expan-
sion in the Config. cost, as evident in Table 7, variable weight
configuration was restricted to stage II runs only. This allowed
CATALYST® to explore variable feature weights without
indulging in additional assessment of variable features.

It remains to be mentioned that pharmacophor exploration
in stage II relied entirely on training set IV (Table 2), which
is an extended version of II. Extending II to IV aimed at
providing abundance of data-points for the regression analy-
sis (i.e. error cost analysis) performed during CATALYST’s
optimization phase, which is expected to improve the quality
of emerging hypotheses. Table 7 illustrates the gains in SCC
values upon transition from stage I to stage II.

3.3. QSAR modeling and assessment of fXa binding site
flexibility

The central goal of this research effort is to define optimal
combination of orthogonal pharmacophores capable of
explaining bioactivity variations among numerous, structur-
ally diverse fXa inhibitors of bioactivities spanning several
logarithmic cycles. Such orthogonal pharmacophoric combi-
nation should reflect the flexibility of fXa binding site.

GA and MLR analysis were employed to explore various
pharmacophoric combinations and evaluate their statistical
properties as predictive QSAR models. However, only high-
ranking hypotheses of SCC ≥ 0.59 were enrolled in the analy-
sis (17 models, Table 5) to avoid overwhelming GA–MLR
with numerous inferior descriptor pharmacophores. Gener-
ally, overloading GA–MLR with poor independent variables
may allow the emergence of less-than-optimal regression
models [78].

Accordingly, the logarithmic transformations of bioactiv-
ity estimates derived from candidate hypotheses were enrolled
as independent variables (genes) in a cycle of GA–MLR over

Table 7
The influence of transition from stage I to stage II pharmacophore explora-
tion on the configuration costs of modeling runs and the SCC of representa-
tive high-ranking pharmacophores

Stage Modeling run Config. cost SCC of representative models
I 1 20.2274 0.53 (Hypo1/3)

2 17.4524 0.52 (Hypo2/2)
3 19.8275 0.66 (Hypo3/1)
4 16.3946 0.65 (Hypo4/2)
5 18.9709 0.54 (Hypo5/6)
6 17.2121 0.43 (Hypo6/1)

II 7 28.4783 0.66 (Hypo7/4)
8 27.5906 0.67 (Hypo8/9)
9 29.3985 0. 61 (Hypo9/6)
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4000 iterations employing Friedman’s LOF fitness criterion
(see experimental, [78]). Genetic evolution yielded Eq. (7) as
optimal QSAR model after removing seven statistical outli-
ers:

log (Ki) = –0.864 [±0.322]
+0.237 [±0.164] × log (Hypo4/1)
+0.402 [±0.195] × log (Hypo4/2)
+0.589 [±0.225] × log (Hypo9/6)

(7)r= 0.76,F= 86.17,n= 192

where, r is the correlation coefficient, F is Fisher statistical
parameter and n is the number of observations. The variables
log (Hypo4/1), log (Hypo4/2) and log (Hypo9/6) represent
the logarithmic transformations of bioactivity estimates deter-
mined employing Hypo4/1, Hypo4/2 and Hypo9/6 respec-
tively. The 95% confidence limits (CL) of different regres-
sion coefficients are shown in brackets ([±CL]).

The emergence of three orthogonal pharmacophoric mod-
els (see Table 8) in Eq. (8) suggests they represent three sig-

nificant binding modes accessible to ligands within the bind-
ing pocket of fXa. Figs. 4–6 show the three pharmacophores
and how they map to potent, moderate and weak fXa inhibi-
tors. Fig. 7 illustrates three superimposed conformers of the
potent fXa inhibitor 71 (Table 1, Fig. 1) produced by fitting it
against Hypo4/1, Hypo4/2 and Hypo9/6. This superimposi-
tion illustrates the similarity between the three pharmacoph-
ores in the way they fit the benzylamino fragment and pyra-
zole ring of 71 (i.e. the P1 fragment). However, the three
pharmacophores exhibit significant spatial differences in the
way they fit the bisphenyl part of 71 (P4 fragment). The 3D
coordinates and feature weights of Hypo4/1, Hypo4/2 and
Hypo9/6 are shown in Table 9.

Despite the undisputed significance of pharmacophoric
hypotheses in understanding ligand-macromolecule affinity,
their predictive value as 3D-QSAR models is generally lim-
ited by steric shielding, and/or bioactivity-enhancing auxil-
iary groups [76]. Accordingly, it is anticipated that their value
would increase significantly if complemented with addi-

Table 8
Cross-correlation coefficients (R2) among bioactivity estimates determined for he highest-ranking hypotheses (Table 5) against compounds 1–199 in Table 1.
Cross-correlation coefficients of collinear models (threshold R2 ≤ 0.65) are highlighted in gras

Model Hypo Hypo Hypo Hypo Hypo Hypo Hypo Hypo Hypo Hypo
8/1

Hypo
8/2

Hypo
8/4

Hypo
8/9

Hypo
9/1

Hypo
9/6

Hypo
9/83/1 3/3 3/6 3/9 4/1 4/2 4/7 7/1 7/4

Hypo3/1 1
Hypo3/3 0.58 1
Hypo3/6 0.46 0.52 1
Hypo3/9 0.47 0.51 0.47 1
Hypo4/1 0.56 0.54 0.42 0.6 1
Hypo4/2 0.59 0.61 0.58 0.59 0.64 1
Hypo4/7 0.47 0.57 0.69 0.48 0.51 0.64 1
Hypo7/1 0.46 0.44 0.51 0.42 0.42 0.58 0.56 1
Hypo7/4 0.52 0.58 0.61 0.59 0.59 0.69 0.74 0.55 1
Hypo8/1 0.59 0.61 0.57 0.63 0.68 0.78 0.58 0.57 0.68 1
Hypo8/2 0.6 0.68 0.61 0.6 0.64 0.83 0.62 0.56 0.67 0.8 1
Hypo8/4 0.55 0.61 0.62 0.62 0.61 0.84 0.7 0.57 0.76 0.79 0.82 1
Hypo8/9 0.58 0.67 0.69 0.61 0.62 0.84 0.76 0.61 0.77 0.78 0.85 0.9 1
Hypo9/1 0.48 0.48 0.45 0.47 0.53 0.56 0.43 0.39 0.5 0.62 0.56 0.54 0.56 1
Hypo9/6 0.47 0.44 0.25 0.36 0.36 0.35 0.22 0.37 0.28 0.43 0.41 0.38 0.37 0.41 1
Hypo9/8 0.53 0.52 0.53 0.55 0.58 0.62 0.49 0.47 0.53 0.67 0.62 0.62 0.64 0.77 0.45 1

Fig. 3. A scatter plot illustrating experimental vs. estimated bioactivities of 192 fXa inhibitors (without outliers) derived from Eq. (8).
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tional descriptors within the context of traditional QSAR
analysis. Therefore, we were prompted to enroll additional
molecular descriptors, calculated using Alchemy2000® and
QSARIS®, as independent variables in the GA–MLR–
QSAR modeling. The most significant QSAR model was
achieved after 4000 iterations of GA–MLR analysis fol-
lowed by excluding statistical outliers [78]. The resulting
QSAR model was cross-validated automatically using leave-
one-out cross-validation [78]. Eq. (8) shows the resulting
QSAR model, while Fig. 3 shows the corresponding scatter
plot of experimental versus estimated bioactivities of 192 fXa
inhibitors (without outliers).

log (Ki) = – 6.586 [±3.131] + 0.194 [±0.129] × log
(Hypo4/1) + 0.373 [±0.1587] × log (Hypo4/2) + 0.389
[±0.177] × log (Hypo9/6) – 0.3189 [±0.096] × SdsCH + 0.219
[±0.108] × SssssC – 0.0530 [±0.035] × SaaN – 0.183 [±0.105]
× SsCH3_acnt – 13.570 [±4.230] × MaxHp + 0.395 [±0.156]
× SHBint2_Acnt – 0.111 [±0.050] × SHBint8_Acnt – 0.0827
[±0.049] × SHBint10_Acnt – 0.200 [±0.073] × SHHBd +
0.537 [±0.197] × Ioniz Pot – 0.721 [±0.306] × HOMO + 0.322
[±0.155] × Py + 49.520 [±15.125] × v10

ch + 1.628 [±0.277] ×
knotpv

(8)r= 0.91,F= 49.64, MultipleQ2= 0.79,n= 192

where, multiple Q2 is the leave-one-out correlation coeffi-
cient, SdsCH is the sum of all =CH– toplogical E-state val-
ues in a molecule, SssssC is the sum of all E-state values of
quaternary carbon atoms in a molecule, SaaN is the sum of
all E-state values of aromatic nitrogens, SsCH3_acnt is the
count of all CH3– groups in a molecule, MaxHp is the largest
positive charge on a hydrogen atom, SHBint2_Acnt,
SHBint8_Acnt, SHBint10_Acnt are the sums of E-state
descriptors of strength for potential hydrogen bonds of path
lengths 2, 8 and 10, respectively, SHHBd is the E-state indi-
ces for HBDs, Ioniz Pot is the ionization potential, HOMO is

the energy of the highest occupied molecular orbital and Py
is the component of the dipole moment along the inertial
Y-axis, v10

ch is the simple 10th order chain chi index and
knotpv is the difference between chi valence cluster-3 and
chi valence path/cluster-4 [78]. Reemergence of Hypo4/1,
Hypo4/2 and Hypo9/6 in Eq. (8), despite evolutionary com-
petition imposed by the newly added physicochemical
descriptors, strongly emphasizes the statistical significance
of this pharmacophoric combination. However, it is clearly
evident from Eq. (8) that the new descriptors improved the
overall statistical criteria of the model (i.e. compared to Eq.
7). In particular, Eq. (8) illustrated sufficient robustness to
withstand the leave-one-out cross-validation procedure con-
trary to Eq. (7). It remains to be mentioned that the optimal
pharmacophoric combination in Eq. (8) incorporates only one
hypothesis from stage II modeling trials (i.e. Hypo9/6, see
Section 3.2), while it includes two models from stage I trials
(Hypo4/1 and Hypo4/2). Nevertheless, despite the apparent
inefficiency of stage II pharmacophore exploration, our over-
all two-stage explorative strategy provided abundance of high
quality models for evaluation by GA–MLR–QSAR model-
ing, and thus allowed access to better characterization of
ligand flexibility within fXa binding site.

3.4. Comparison of pharmacophore model with the active
site of fXa

Despite the problems associated with crystallographic
structures (see Section 1), pharmacophore features obtained
by CATALYST® can be compared with crystallographic fXa
active site to identify probable residues important for activity
[83]. However, one should not use these pharmacophores as
receptor maps [84]. The features in Hypo4/1, Hypo4/2 and
Hypo9/6 as well as the alignment of compound 71 as pro-
posed by these hypotheses (Fig. 4a, Fig. 5a and Fig. 6a) were
compared with the structure of 71 docked within the binding

Table 9
Pharmacophoric features and corresponding weights, tolerances and 3D coordinates of Hypo4/1, Hypo4/2 and Hypo9/6

Model Definitions Chemical features
Hypo4/2 Weights HBA HBA HbicArom HbicArom PosIoniz

2.47711 2.47711 2.47711 2.47711 2.47711
Tolerances 1.6 2.2 1.6 2.2 1.6 1.6 1.6
Coordinates X –7.65 –8.63 5.2 7.69 –6.18 –2.06 2.47

Y 0.99 3.79 1.82 3.32 –2.62 0.1 –2.78
Z –1.96 –2.42 0.08 –0.68 0.64 0.2 –2.44

Hypo4/1 Weights 3.04062 3.04062 3.04062 3.04062 3.04062
Tolerances 1.6 2.2 1.6 2.2 1.6 1.6 1.6
Coordinates X –4.13 –4.57 5.25 7.56 –5.88 5.69 4.27

Y 0.39 3.01 2.14 3.02 –3.42 –0.98 –3.71
Z 4.67 6.05 1.3 –0.43 1.9 –0.86 –1.44

AromRing
Hypo9/6 Weights 2.49146 3.2389 1.74402 2.49146

Tolerances 1.6 2.2 1.6 2.2 1.6 1.6 1.6
Coordinates X 2.17 2.62 –4.02 –3.07 1.3 4.2 5.38

Y –4.93 –7.44 2.66 5.41 1.08 1.45 0.51
Z –5.34 –6.98 2.17 3.07 1.82 2.47 –4.13
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site of fXa (Fig. 8). The docking experiment was performed
employing Cerius2.LIGANDFIT [85] (Accelrys Inc.). A
marked similarity was observed between features proposed
by the pharmacophore models and ligand binding features in
the docked structure. The benzylamine part (P1 fragment) of
the docked conformer (likely to be protonated at physiologi-
cal pH) is fitted within a cavity (S1 pocket) formed primarily
by the amino acid residues ASP 189, TRP 215, CYS 191,

CYS 220 and GLN 192. This pocket has a negative electro-
static potential because of the acidic amino acid ASP 189
(Fig. 8) and hence is a probable site for binding of the PosIoniz
benzylamine group. Furthermore, the hydrophobic amino
acids TRP 215, CYS 191 and CYS 220 furnish suitable envi-
ronment for hydrophobic interactions with the aromatic ring
of the benzylamine fragment. The hydroxyl moiety of SER
195 seems to provide excellent opportunity for hydrogen

Fig. 4. (A) Hypo4/2 mapped against (B) 71 (potent, Ki = 0.15 nM); (C) 100 (moderately potent, Ki = 230 nM); and (D) 114 (poorly potent, Ki > 5000 nM).
(HBA: Hydrogen Bond Acceptor, PosIonizable: Positive Ionizable).
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bonding with the nitrogen atom of the pyrazole linker of 71.
Finally, the bisphenyl fragment of 71 (P4 group) fits nicely
within the aromatic environment of the S4 pocket furnished
by PHE 174, TRP 215 and TYR 99 (Fig. 8). The mappings of

compound 71 against Hypo4/1, Hypo4/2 and Hypo9/6 are
shown in Fig. 4a, Fig. 5a and Fig. 6a. Each pharmacophore
illustrates a HBA feature and a PosIoniz function correspond-
ing to the P1 fragment and the nearby pyrazole linker of com-

Fig. 5. (A) Hypo4/1 mapped against (B) 71 (potent Ki = 0.15 nM); (C) 100 (moderately potent, Ki = 230 nM), and (D) 114 (poorly potent, Ki > 5000 nM). (HBA:
Hydrogen Bond Acceptor, PosIonizable: Positive Ionizable).
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pound 71. Furthermore, Hypo4/1 has one hydrophobic fea-
ture corresponding to the aromatic ring of the P1 fragment of
71. Moreover, the pharmacophoric combination exhibits

hydrophobic features (Hypo4/1 and Hypo4/2) or aromatic ring
function (Hypo9/6) corresponding to the HbicArom environ-
ment of the S4 pocket. Interestingly, each of the three phar-

Fig. 6. (A) Hypo9/6 mapped against (B) 71 (potent Ki = 0.15 nM); (C) 100 (moderately potent, Ki = 230 nM); and (D) 114 (poorly potent, Ki > 5000 nM). (HBA:
Hydrogen Bond Acceptor, PosIonizable: Positive Ionizable).
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Fig. 7. A wire-frame view illustrating three conformers of inhibitor 71 (Table 1) fitted against Hypo4/1, Hypo4/2 and Hypo9/6. The figure shows the molecular
fragments of compound 71 that correspond to S1 and S2 pockets within human fXa binding site. The superimposition clearly suggests flexible binding mode
(blue: nitrogen, red: oxygen, black: carbon, green: fluorine, yellow: sulfur).

Fig. 8. A wire-frame view illustrating compounds 71 docked to the binding site of fXa (PDB code: 1FJS, resolution = 1.92 Å). The docking experiment was
performed employing C2.LIGANDFIT® software (from Accelrys Inc.). Hydration water molecules and protein hydrogen atoms were hidden for clarity. The
green aromatic rings resemble S4 pocket, while the carboxylate anion connected to the ligand’s ammonium group is the aspartate moiety of S1 pocket (ASP
189).
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macophors illustrates one hydrogen-bond acceptor feature
corresponding to the sulfone moiety of compound 71. Appar-
ently, this feature refers to a hydrogen-bonding interaction
between one of the sulfone oxygens in compound 71 and a
water molecule attached to TYR 99. Thus the 3D array of
features is consistent with the proposed docking of com-
pound 71 in the crystal structure of fXa.

4. Conclusion

This presented effort includes extensive exploration of the
pharmacophoric space of fXa inhibitors utilizing CATA-
LYST®. The exploration process included evaluating variety
of training sets, input pharmacophoric features and run param-
eters. The hypothetical pharmacophors were assessed as a
predictive 3D-QSAR models and database search queries. The
validation process identified 17 plausible pharmacophore
models. However, subsequent QSAR modeling utilizing GA
and MLR analysis identified three complementary pharma-
cophores as representatives of the accessible binding modes
within fXa binding site. The significance of this approach
originates from the fact that the proposed binding modes were
derived from the experimental affinities of respective fXa
ligands and not rigid fXa crystallographic structures. Further-
more, CATALYST® pharmacophores are more appropriate
for searching massive 3D compound libraries [67] than the
time consuming flexible docking techniques such as molecu-
lar dynamics simulation.
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