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Pharmacophore mapping, molecular docking and quantitative structure—activity relationship (QSAR) studies were carried
out for a structurally diverse set of 48 compounds as CYP2B6 inhibitors. The generated best pharmacophore hypotheses
from the three methods of conformer generation (FAST, BEST and conformer algorithm based on energy screening and
recursive buildup) indicate the importance of two features, namely, hydrogen bond acceptor [electron-rich centre] and ring
aromaticity. The distance between the two centres of the important features for ideal inhibitors varied from 5.82 to 6.03 A.

The chemometric tools used for the QSAR analysis were genetic function approximation (GFA) and genetic partial least
squares. The developed QSAR models indicate the importance of an electron-rich centre, size of molecule, impact of
branching and ring system and distribution of charges in the molecular surface. The docking study confirms the importance
of an electron-rich centre for binding with the iron atom of the cytochrome enzyme. A GFA model with splme option was
found to be the best model based on internal vahdatlon as well as the rm(overa“) criterion (Q 2 = 0.772, r m(overall) = 0.774).

According to the external prediction statistics (R 2 pred = 0.876), another GFA-derived model with spline option outperforms

the remaining models.
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1. Introduction

Inhibition of drug metabolising enzymes is one of the
major concerns in both clinical practice and drug
development. Cytochrome P450s (CYPs) are recognised
as the predominant phase I enzymes and probably the most
important catalysts among all drug-metabolising enzymes.
Human CYP genes are arranged into 18 families and 42
subfamilies, consisting of 59 active genes [1-3]. Human
CYP 2B6 is recognised to be of great importance in drug
metabolism with notable inter-individual variations in
expression and activity [4,5]. Initial studies reported that
2B6 levels were only 0.2% of the total P450 content in
human liver microsomes [6,7]. However, other labora-
tories reported a greater frequency of detection and a
higher percentage of 2B6 (2—10%) relative to total P450
content using improved immuno-quantitation techniques
[8—12]. Recent studies indicate expression of CYP2B6 in
human brain with higher level of expression being
observed for smokers, and alcoholics [13].

CYP2B6 accounts for the metabolism of wide
structurally diverse chemicals [14] and is particularly
susceptible to both induction and inhibition [15-17].
CYP2B6 can metabolise approximately 8% of clinically
used drugs (n > 60), including cyclophosphamide, ifosfa-
mide, tamoxifen, ketamine, artemisinin, nevirapine,
efavirenz, bupropion, sibutramine and propofol [18-22].

CYP2BG6 is one of the CYP enzymes which bioactivates
several procarcinogens and toxicants [22]. It was reported
that substrates of CYP2B6 also have affinity towards other
CYP isoforms such as CYP3A4, CYP2C9 and CYP2C19
[23]. The significance of CYP2B6 in drug metabolism or
detoxification has been firmly established through a series
of studies within the past decade because of high substrate
specificity and cross regulation with other enzymes and
hepatic transporters [23]. It was also reported in the
literature that CYP2B is capable of metabolising 25-30%
of known clinical drug substrates for CYP3A4 [14,24,25].
CYP2B6 is expressed in hepatic and extra hepatic tissues
and it has recently been suggested as a prognostic factor
for prostate cancer which may therefore be clinically
relevant [26].

The crucial characteristics of CYP2B6 substrates for
necessary interactions with the enzyme are the presence of
hydrophobic (HYD) features and hydrogen bond acceptor
(HBA) groups [27]. Additional quantitative structure—
activity relationship (QSAR) techniques have been applied
to the substrates [28,29]. The application of QSAR
techniques to CYP2B6 inhibitors has been limited [30].
The applied comparative molecular field analysis study to
CYP2B6 inhibitors [30] indicates optimal steric, HYD and
HBA features for ideal CYP2B6 inhibitors. Although CYP
inhibitors have clinical significance in metabolism-mediated
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drug—drug interactions in general, identification of selective
and potent chemical inhibitors is extremely important for
delineating the specific roles of particular CYPs in
metabolism—detoxification of therapeutics and environ-
mental toxicants. Till date no pharmacophoric models of
CYP2B6 inhibitors has been reported. Identification of
important molecular features using ligand-based approach is
required for the design of CYP2B6 inhibitors. In this work,
we have performed pharmacophore and 3D QSAR studies to
extract the pharmacophoric features as well as other related
properties of interest for ideal CYP2B6 inhibitors. The
crystal structure of human CYP450 2B6 genetic variant in
complex with the inhibitor 4-(4-chlorophenyl)imidazole has
been recently published [31]. We have also attempted
molecular docking study for the CYP2B6 inhibitors [30] to
explore interactions between the enzyme and the ligands at
the molecular level.

2. Method and materials
2.1 The data-set

The CYP2B6 inhibitory activity (Tables 1 and 2) of 48
diverse compounds (Figure 1) reported in the literature
[30] has been used as the model data-set for the present
study. The biological activity data were represented as
1Cs0 (M) [30]. Here, the activity range of the compounds
was of about 5 log units which allowed us to generate
meaningful activity-based pharmacophore models. For
estimation (prediction) of activity from pharmacophores,
the activity values were classified as follows: (i)
compounds with ICsq (uM) <1 are highly active
(represented as +4-+), (ii) compounds with 10 < ICs
(uM) = 1 are moderately active (represented as 4+ ), (iii)
compounds with 500 < ICsy (M) = 10 are marginally
active (represented as + ) and compounds with ICs,
(rM) = 500 are inactive (represented as — ). The basis of
the classification was to find lead compounds and to
further modify the lead compounds to active ones. Here,
we have developed 3D pharmacophore models for
CYP2B6 inhibitors [30] using the Discovery Studio 2.1
software [32]. The activity data (ICsy, (wM)) were also
converted to logarithmic scale [pICso(M)] and then used
for subsequent QSAR analyses as the response variable.

2.2 Development of 3D pharmacophore model

3D pharmacophore model is a ligand-based approach that
provides a unique tool for drug design [33]. A 3D
pharmacophore is a collection of chemical features in
space that are required for a desired biological activity.
These may include hydrophobic (HYD) groups, charge-
d/ionisable groups, hydrogen bond donors/acceptors and
other features properly assembled in 3D space to reflect
structural requirements. An interesting application of
pharmacophore-based approaches is that the experimen-

tally determined activity of a set of compounds can be used
to drive the generation of pharmacophores, which, once
validated, can be used to quantitatively predict the activity
of new compounds. Therefore, this approach constitutes a
powerful and fast tool to estimate the biological activity of
new potential ligands in 3D databases of compounds [34—
37].

2.2.1 Training set selection

The selection of training set serves as a crucial aspect in the
process of pharmacophore hypothesis generation. On the
basis of assumption that the most active compounds share
all or most of the required features for binding with the
active site, only the active molecules were included in the
training set. As the inactive compounds may experience
steric hindrance and other disfavoured interactions, these
compounds were avoided during pharmacophore gener-
ation. The whole data-set was divided in a training set of
22 compounds (approximately 45%) and a test set of 26
compounds. Table 1 shows the compounds selected as the
members of the test set.

2.2.2 Diverse conformation generation

Before starting the pharmacophore generation process,
conformational analysis of the molecules was performed
using the poling algorithm [38]. The poling algorithm
eliminates much of the redundancy in conformation
generation and improves the coverage of conformational
space. The number of conformers generated for each
compound was limited to a maximum of 255 with an
energy range of 20kcal/mol. In the present work,
conformers were generated using BEST, FAST and
CAESAR methods of conformer generation. All the three
conformation generation algorithms use poling. The BEST
method provides a complete coverage of conformational
space by optimising the conformations in both torsional and
cartesian space, whereas the FAST generation searches
conformations only in the torsion space and takes less time.
CAESAR is a new conformation generation method for
very fast conformation search [32].

In case of FAST conformation generation method,
algorithms were selected depending upon the size of the
molecules. When the molecule was too large (number of
rotatable bonds more than 30), only one conformation was
generated for each possible combination of stereocentres.
A quasi-exhaustive systematic search was used to generate
conformations for small molecules. The conformational
space was composed of discretised rotations about bonds.
The conformational space was systematically searched
and conformations that had excessive van der Waals
clashes were removed. For medium size molecules, a
search method with pooling was used. The molecule was
split into pieces, a systematic search was performed on



17: 06 14 January 2011

Downl oaded At:

Table 1. Observed and estimated CYP2B6 inhibitory activity of training and test set molecules.
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Activity class®

ICs (Estimate) (uM)® Estimate
SI. No. ICso (Obs.) (uM) [30] FAST BEST CAESAR Observed FAST BEST CAESAR
Training set
1 0.3 0.489 0.429 0.851 +++ +++ +++ +++
3 0.4 0.488 0.429 0.851 +4++ +++ +++ +++
4 1.5 2.55 5.223 0.886 ++ ++ ++ +++
5 4.4 47.863 44.668 50.119 ++ + + +
6 5 3.893 2.543 2.379 ++ ++ ++ ++
8 6.8 47.863 44.668 50.119 ++ + + +
11 22 47.863 44.669 50.119 + + + +
12 35 47.863 44.669 50.119 + + + +
14 37 14.42 10.964 6.498 + + + ++
15 39 47.863 44.668 50.119 + + + +
16 45 47.863 44.668 50.119 + + + +
17 50 19.221 37.082 22.27 + + + +
18 67 16.243 24.43 16.702 + + + +
20 96 47.863 44.668 50.119 + + + +
23 150 47.864 44.668 50.119 + + + +
24 310 47.863 44.668 50.119 + + + +
28 420 47.863 44.668 50.119 + + + +
31 480 47.863 44.668 50.119 + + + +
42 3.89 47.863 44.668 50.119 ++ + + +
43 10 47.863 44.668 50.122 + + + +
45 28.18 47.863 44.668 50.119 + + + +
46 37.15 47.863 44.668 50.119 + + + +
Test set
2 0.4 0.488 0.42 0.848 +4++ +++ +++ +++
7 52 2.244 2.5 0.89 ++ ++ ++ ++
9 9.1 17.769 35.215 26.24 ++ + + +
10 13 14.861 31.204 25.802 + + + +
13 37 16.1 36.965 21.759 + + + +
19 95 14.624 15.059 4.205 + + + +
21 140 1256.97 # # + - — —
22 150 17.736 35.021 27.236 + + + +
25 350 7.32 13.387 11.223 + ++ + +
26 370 19.074 38.417 21.654 + + + +
27 390 17.754 35.121 27.33 + + + +
29 420 1263.63 # # + - — —
30 440 19.106 38.465 21.577 + + + +
32 630 2.872 2.894 3.329 - ++ ++ ++
33 670 726.935 # # - - — -
34 820 # # # - - - -
35 1100 0.9 0.855 1.179 - +++ +++ +++
36 1100 7.543 14.016 11.729 - ++ + +
37 1600 7.701 14.437 12.144 - ++ + +
38 2800 # # # - - — -
39 4700 # # # - - — -
40 6400 # # # - - - -
41 28000 # # # - - — -
44 19.95 16.096 36.691 31.652 + + + +
47 109.65 19.263 38.828 26.506 + + + +
48 1412.54 15.687 35.73 31.854 - + + +

Note: # = compounds not mapped.” Class threshold of ICsy < 500 uM has been used for active compounds. Compounds have been classified as highly active
(ICsp (WM) < 1) compounds (represented as +++), moderately active (10 < ICsy (uM) = 1) compounds (represented as ++), marginally active
(500 < ICsp (M) = 10) compounds (represented as + ), inactive (ICso (M) = 500) compounds (represented as — ). ®Calculated on the basis of best
hypothesis (hypothesis 3 in each case) for FAST, BEST and CAESAR methods of conformation search.
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Table 2. Observed and QSAR model derived CYP2B6
inhibitory activity.

Sl Obs® pICso(M) Cal® Cal® Cal!
Training set

1 6.523 6.097 6.201 5.183
2 6.398 5.864 6.128 5.115
3 6.398 6.420 6.185 5.882
5 5.357 5.228 4.839 5.220
6 5.301 5.144 4.839 5.194
7 5.284 5.937 6.101 5.244
8 5.167 5.502 4.839 5.189
9 5.041 3.947 4.126 4.034
10 4.886 4.803 4.839 5.211
11 4.658 4.463 4.449 4954
13 4.432 3.600 3.637 3.867
15 4.409 4.944 4.839 5.211
16 4.347 4.148 4.181 3.950
17 4.301 3.515 3.803 3.998
18 4.174 3.947 4.169 4.025
19 4.022 5.273 4.839 5.223
20 4.018 3.783 4.386 3.674
21 3.854 3.470 3.780 3.989
22 3.824 3.510 4.181 4.044
24 3.509 3.363 3.311 3.484
25 3.456 3.174 3.738 3.466
27 3.409 4.016 3.228 3.576
30 3.357 3.383 3.408 4.057
31 3.319 3.545 3.780 3.965
32 3.201 3.792 3.904 3.710
33 3.174 3.201 2.871 2.789
34 3.086 3.586 3.369 2.838
35 2.959 3.810 4.205 4.034
36 2.959 3.252 3.347 3.001
37 2.796 3.392 2.840 2.835
38 2.620 2.814 2.813 2.670
39 2.328 2.363 2.782 2.121
41 1.553 2.364 1.460 2.110
43 5.000 4.391 4.839 5.620
44 4.700 3.896 3.650 4.037
47 4.550 4.432 4.437 4.849
Test set

4 5.824 5.996 6.160 5.925
12 4.456 4.499 4.449 4.744
14 4.432 4.374 4.613 4.601
23 3.824 4.070 4.100 4.227
26 3.432 3.145 2.811 3.224
28 3.377 3.762 3.352 3.760
29 3.377 3.469 3.780 3.948
40 2.194 2.373 2.384 2.136
42 5.410 5.187 4.839 4.944
45 4.550 4.447 4.839 5.668
46 4.430 3.779 3.715 3.364
48 2.850 3.872 3.398 3.354

#Observed CYP2B6 inhibitory activities (ref. [30]). b Calculated from
Equation (6). ©Calculated from Equation (7). dCalculated from
Equation (8).

each piece and the pieces were randomly reconnected.
Each new conformer was quickly optimised in the torsion
space with pooling penalty as to maintain conformational
diversity [32].

In general, BEST conformational search method
provides the best quality conformation generation with
improved conformational coverage relative to the FAST
method. It performs more rigorous energy minimisation
in both torsional and Cartesian space and uses pooling.
The routinely used steps in the BEST method are
(i) Conjugate—gradient minimisation in torsion space,
(i) Conjugate—gradient minimisation in Cartesian space
and (iii) Quasi-Newton minimisation in Cartesian space.
Both (FAST, BEST) use a version of the CHARMm force
field for energy calculations and a poling mechanism for
forcing the search into unexplored regions of conformer
space [32,38,39].

The new algorithm, termed CAESAR, is another
method for conformational search. This approach was
combined with consideration of local rotational symmetry
so that conformer duplicates due to topological symmetry
in the systematic search could be efficiently eliminated. In
the CAESAR algorithm, the geometry optimisation was
replaced by energy pruning on fine torsion grids. The
algorithm involves several steps: the first step is recursive
partitioning of a molecule tree into the smallest units. Ring
structures (such a cyclohexane) or rigid structures (such as
—CH,— and > C=C <) are considered as the smallest
units. The next step is conformation generation from tree
node conformation initialisation. The conformations of
whole molecule are built up recursively from the smallest
fragment. At each level of recursive assembling, the local
rotational symmetry check and energy pruning are
performed for elimination of high-energy conformations
at the earliest possible stages [32,40].

2.2.3  Generation of 3D pharmacophore

For the present work, pharmacophore models were
developed using the HypoGen module implemented in
Discovery Studio 2.1 [32] with the conformers generated
for the molecules in the training set (n = 22). Predictive
pharmacophores were generated in three phases, viz. a
constructive, a subtractive and an optimisation phase. In
the constructive phase, pharmacophores were generated
that were common among the active molecules of the
training set. HypoGen identified all allowable pharmaco-
phores consisting of up to five features among the two
most active compounds and investigated the remaining
active compounds in the list. The subtractive phase dealt
with the pharmacophores that were created in the
constructive phase and the program removed pharmaco-
phores from the data structure which were not likely to be
useful. Finally, the optimisation was done using the
well-known simulated annealing algorithm. The algorithm
applies small perturbations to the pharmacophores
created in the constructive and subtractive phases in an
attempt to improve the score. All improvements and
some detrimental steps based on a probability function
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Figure 1. Molecular structures of the compounds.

are accepted and finally the highest scoring pharmaco-
phores are exported.

Ten hypotheses were generated for each of the three sets
of conformers (BEST, FAST, CAESAR) used. HypoGen
allows a maximum of five features in pharmacophore
generation. After elimination of the features that do not
map the training set molecules, the following two features
were selected for subsequent pharmacophore generation:
hydrogen bond acceptor (HBA) and ‘ring aromatic’ (RA).
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The hypotheses generated were analysed in terms of their
correlation coefficients and the cost function values. The
HypoGen module performs a fixed cost calculation which
represents the simple model that fits all the data and a null
cost calculation that assumes that there is no relationship in
the data-set and that the experimental activities are
normally distributed about their average value. A small
range of the total hypotheses cost obtained for each of the
hypotheses indicates homogeneity of the corresponding
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hypothesis and that the training set selected for the purpose
of pharmacophore generation is adequate. Again, values of
total cost close to those of fixed cost are indicative of the fact
that the hypotheses generated are statistically robust.

2.2.4  Pharmacophore model validation

Validation of a quantitative model was performed in order to
determine whether the developed model was able to identify
active structures and forecast their activity precisely.
Validation of the obtained pharmacophore models was
done using two procedures, viz. Fischer’s validation as
available in the HypoGen module and external validation
using the test set prediction method.

2.2.5 Fischer’s validation

The statistical significance of the structure—activity
correlation is estimated using the Fischer’s randomisation
test [32]. This is done by scrambling the activity data of the
training set molecules and assigning them new values
followed by generation of pharmacophore hypothesis using
the same features and parameters as those used to develop
the original pharmacophore hypothesis. The number of
spreadsheets obtained using the randomisation test depends
on what level of statistical significance one wants to
achieve. At 90% confidence level, nine spreadsheets are
generated. The original hypothesis is considered to be
generated by mere chance if the randomised data-set results
in the generation of a pharmacophore with better
correlation than the original one.

2.2.6 Prediction with test set molecules

The purpose of the pharmacophore hypothesis generation
is not only to predict the activity of the training set
compounds, but also to predict the activities of external
molecules. With the objective to verify whether the
pharmacophore was able to predict the activity of test set
molecules in agreement with the experimentally deter-
mined value, the activities of the test set molecules were
estimated using the developed pharmacophore models.
The conformers generated for the test set molecules
(n = 26) using FAST, BEST and CAESAR methods were
selected and mapped using the corresponding pharmaco-
phore models developed with the training set compounds.

For the performance evaluation of the pharmacophore
models, several statistical tests such as recall (or
sensitivity), specificity, accuracy, precision and F-measure
were used [41,42]. Recall (or sensitivity) and specificity
are able to identify the discrimination ability of the
pharmacophore model, and accuracy presents the ratio of
the correctly discriminated classes. F-measure is a
function of recall and precision which indicate the
accuracy of real and estimated class, respectively. The

calculations of the above parameters according to Fawcett
[42] are as follows:

TA
Recall = ————, n
TA +FN
Precision — TN o
recision = FA n ™ ,
TA
Specificity = — \
pecificity TATEA’ 3)
TA + TN
Al — )
ccuracy A TEATEN TN @
F — measure = 2(Recall)(Precision) )

Recall + Precision ’

where TA indicates the number of active compounds
correctly classified as active, FA indicates the number of
active compounds wrongly classified as active, FN
indicates the number of non-active compounds wrongly
classified as active, and TN indicates the number of non-
active compounds correctly classified as non-active.

2.3 Descriptors for OSAR studies

The QSAR analyses were performed using spatial (radius
of gyration, Jurs descriptors, area, PMI-mag, density, Vm),
thermodynamic (AlogP, AlogP98, molar refractivity
(Molref)) and structural (MW, hydrogen bond donor,
HBA, chiral centres, number of rotatable bonds) and
topological descriptors including E-state index descriptors.
For the calculation of 3D descriptors, multiple confor-
mations of each molecule were generated using the optimal
search as a conformational search method. Each conformer
was subjected to an energy minimisation procedure using
smart minimiser under open force field to generate the
lowest energy conformation for each structure. The charges
were calculated according to the Gasteiger method. All the
descriptors were calculated using descriptor 4+ module of
the Cerius2 version 4.10 software running on a Silicon
Graphics workstation [43]. Definitions of all descriptors
can be found at the Cerius2 tutorial available at the
Accelrys website (http://www.accelrys.com).

2.4 QSAR model development

It was our priority to construct QSAR models which were
statistically robust both internally and externally. The
main target of any QSAR modelling is that the developed
model should be robust enough to be capable of making
accurate and reliable predictions of biological activities of
new compounds. So, QSAR models which are developed
from a training set should be validated using new chemical
entities for checking the predictive capacity of the
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developed models. That is why the original data-set is
divided into training and test sets for QSAR model
development and validation, respectively. In our study, the
whole data-set (n=48) was divided into training (n = 36)
and test (n = 12) sets by k-means clustering techniques
based on the standardised topological, structural and
thermodynamic variables [44]. This approach (clustering)
ensures that the similarity principle can be employed for
the activity prediction of the test set [45]. QSAR models
were developed using the training set compounds
(optimised by Q?), and then the developed models were
validated (externally) using the test set compounds. For the
development of the QSAR models, the statistical
techniques used were Genetic function approximation
(GFA) and Genetic partial least squares (G/PLS).

GFA technique [46,47] was used to generate a
population of equations rather than one single equation
for correlation between biological activity and physico-
chemical properties. GFA involves the combination of
multivariate adaptive regression splines algorithm with
genetic algorithm to evolve population of equations that
best fit the training set data. It provides an error measure,
called the lack of fit (LOF) score that automatically
penalises models with too many features. It also inspires
the use of splines as a powerful tool for non-linear
modelling. A distinctive feature of GFA is that it produces
a population of models (e.g. 100), instead of generating a
single model, as do most other statistical methods. The
range of variations in this population gives added
information on the quality of fit and importance of
the descriptors.

The G/PLS algorithm [48,49] was used as an
alternative to a GFA calculation. G/PLS is derived from
two QSAR calculation methods: GFA and PLS. The
G/PLS algorithm uses GFA to select appropriate basis
functions to be used in a model of the data and PLS
regression as the fitting technique to weigh the basis
functions’ relative contributions in the final model.
Application of G/PLS thus allows the construction of
larger QSAR equations while still avoiding overfitting and
eliminating most variables.

2.4.1 Statistical qualities and model validation

The statistical qualities of the QSAR equations were
judged by the parameters such as squared correlation
coefficient (R %) and variance ratio (F) at specified degrees
of freedom (df) [50]. For G/PLS equations, least-squares
error was taken as an objective function to select an
equation, whereas LOF was noted for the GFA-derived
equations. The generated QSAR equations were validated
by leave-one-out (LOO) cross-validation R? (0% and
predicted residual sum of squares [51-53] and then were
used for the prediction of enzyme-inhibition activity
values of the test set compounds. The prediction qualities

Molecular Simulation 893

of the models were judged by statistical parameters such as
predictive R 2 (R ﬁred), squared correlation coefficient
between observed and predicted values of the test set
compounds with (r 2) and without (r(z)) intercept. It was
previously shown that use of Rf,red and 2 might not be
sufficient to indicate the external validation characteristics
[54]. Thus, an additional parameter rﬁ](test) [defined as
r?x(1 — /r2 — r3)], which penalises a model for large
differences between observed and predicted values of the
test set compounds, was also calculated. Two other
variants [55] of r2, parameter, r zm(Loo) and r zm(overan), were
also calculated. The parameter rlzn(ovmu) is based on
prediction of both training (LOO prediction) and test set
compounds. It was previously shown [55,56] that rrzn(Loo)
and rrzn(test) penalise a model more strictly than Q2 and
Rgred, respectively. As an additional tool for validation,
randomisation test was applied to the model development
process and the developed models. This method is of two
types: process randomisation and model randomisation. In
case of process randomisation, the values of the dependent
variable are randomly scrambled and variable selection is
done freshly from the whole descriptor matrix. In case of
model randomisation, the Y column entries are scrambled
and new QSAR models are developed using the same set
of variables as present in the unrandomised model. The
process randomisation test was performed at 90%
confidence level for the process, and the developed models
were subjected to randomisation test confidence
level. The parameter Rj (Rg = R%#\/R? — R?) (R? being
squared mean correlation coefficient of random models)
was also calculated [57] to check whether the models thus
developed are not obtained by chance.

2.5 Molecular docking studies

The crystal structure of human CYP450 2B6 genetic
variant in complex with the inhibitor 4-(4-chlorophenyl)
imidazole has been recently published [31]. We have
collected the crystal structure from the RCSB protein data
bank (http://www.pdb.org) and conducted a docking study
for the compounds considered in the present paper using
the LigandFit tool available in Discovery Studio 2.1 [32].
Initially, there was a pretreatment process for both the
ligands and the enzyme (CYP2B6). For ligand preparation,
all the duplicate structures were removed and the options
for ionisation change, tautomer generation, isomer
generation, Lipinski filter and 3D generator were set true.
For enzyme preparation, the whole enzyme was selected
and hydrogen atoms were added to it. The pH of the protein
was set in the range of 6.5-8.5. Then, we have defined the
CYP2B6 enzyme as the total receptor and the active site
was selected based on the ligand-binding domain of bound
ligand 4-(4-chlorophenyl)imidazole. Then, the pre-exist-
ing ligand [4-(4-chlorophenyl)imidazole] was removed
and a freshly prepared ligand (compound from the data-set
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in Table 1) prepared by us was placed. Then, from the
receptor—ligand interaction section, LigandFit was chosen.
We have used the preprocessed receptor and ligand as
inputs. Dreiding was selected as the energy grid. The
conformational search of the ligand poses was performed
by Monte Carlo trial method. Torsional step size for polar
hydrogen was set at 10. The docking was performed with
consideration of electrostatic energy. Maximum internal
energy was set at 10,000 cal. Pose saving and interaction
filters were set as default. Fifty poses were docked for each
compound. During the procedure of docking, no attempt
was made to minimise the ligand—enzyme complex (rigid
docking). After completion of docking, the docked enzyme
(protein—ligand complex) was analysed to investigate the
type of interactions. Ten docking poses saved for each
compound were ranked according to their dock score
function. The pose (conformation) having the highest dock
score was selected and was analysed to investigate the type
of interactions.

3. Results and discussion
3.1 Pharmacophore generation

3.1.1 Pharmacophore development with conformers
generated using the FAST method of conformer search

A set of nine pharmacophore hypotheses was generated
using the conformers generated from each of the FAST,
BEST and CAESAR methods using the 22 training set
compounds. The results of the best one hypothesis from
each of the FAST, BEST and CAESAR methods together
with the pharmacophore features, cost functions and
correlation values are listed in Table 3. In the FAST
method, the total hypothesis cost, expressed in bits, of the
nine best hypotheses varied from 96.192—113.657 (17.47
bits). A 17.47-bit cost range gained over the models,
suggesting the existence of a moderate signal generated by
the training set [32]. Configuration cost (also known as
entropy cost) parameter describes the complexity of the
hypothesis space to explore. The value of the configuration
cost (6.57 bit) is constant among all the hypotheses. Any
value higher than 17 indicates that the correlation from any
generated pharmacophore is most likely due to chance and
in that case some attention should be given to training set
molecules. The difference between null hypothesis and the
fixed cost and that between fixed cost and total cost of the

best hypothesis (hypothesis 3) were 27.10 and 16.20 bits,
respectively. The predominant features in the generated
nine pharmacophore hypotheses were HBA, RA and to a
minor extent HYD (for hypothesis 7 only). The first four
hypotheses (1, 2, 3 and 4) contain two features (RA,
HBA). For hypotheses 5, 6, 8 and 9, the features were RA
and HBA, whereas for hypothesis 7, the features were
HBA, HYD and RA. These observations are in agreement
with the pharmacophore results for CYP2B6 substrates
involving HYD and HBA features [30,58]. The generated
best hypothesis 1 (based on correlation) showed moderate
value (0.778) of correlation coefficient because of a high
root mean square deviation (RMSD) value (1.146) which
indicates difference between estimated and measured
activities for some of the training set molecules. The
reason for lower correlation may be due to lack of common
features within the training set molecules due to high
structural diversity. Only compounds such as 1, 3, 4, 6, 14,
17, 18 and 23 share both the two features for the generated
pharmacophore. For example, compounds such as 11, 12
and 43 share only HBA features and a large group of
compounds such as 15, 16, 8, 5, 20, 24, 28, 31, 42, 45 and
46 share only the RA features in the generated hypothesis.
But emphasis was given to test the models for test set
prediction. On the basis of the external predictive power of
the pharmacophore, hypothesis 3 was selected as the best
one among the others. Among the nine pharmacophore
hypotheses, all hypotheses except hypothesis 3 were
unable to map the inactive molecules in the test set.
Hypothesis 3 was capable of mapping 21 molecules out of
26 molecules in the test set. Therefore, we have chosen
hypothesis 3 as the best one. The accuracy of hypothesis 3
was 100% when applied to the training set molecules
(Table 1). The external statistical measures like recall,
precision, specificity, accuracy and F-measures for
hypothesis 3 were 88.2, 68.75, 75.0, 78.8 and 77.30%,
respectively and are listed in Table 4. It was observed that
two feature pharmacophore hypotheses gave better
external prediction as the test set molecules were small
and could not get the appropriate distance for too many
features. Hypothesis 3 possesses two pharmacophore
features: HBA and RA. The distance between the two
centres of the features (HBA, RA) was 5.820 A (Figure 2).
From Figure 2 (most active compound 1), it is evident that
pyridinic nitrogen atom acts as HBA (electron-rich centre)

Table 3. Results of the best pharmacophore hypotheses generated using conformers developed from the FAST, BEST and CAESAR

methods of conformer search.

Method of conformer Hypothesis  Total Correlation Random
generation no. cost Error cost rms  Fixed cost Null cost Features (R) R (£SE)
FAST 3 97.898 90.195 1.213 81.694 109.673 HBA,RA 0.738 0.398 (£0.051)
BEST 3 95.765  90.237 1.215  79.517 109.673 HBA,RA 0.738 0.331 (£0.056)
CAESAR 3 102.765  91.82 1.272  84.719 109.673 HBA,RA 0.710 0.366 (+£0.031)
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Table 4. Statistical measures for evaluation of the pharmacophore models based on their application on test set compounds.

Method of conformer generation Recall Precision Specificity Accuracy F-measure
FAST 0.882 0.688 0.750 0.788 77.30
BEST 0.882 0.688 0.750 0.788 77.30
CAESAR 0.882 0.688 0.750 0.788 77.30

and the other phenyl ring linked with methylene bridge
serves as RA, and this is similar for compounds 3 and 4.
For compounds 6 and 18, the oxygen atom of the —OH
group acts as HBA (electron-rich centre), phenyl and
naphthalene moieties act as RA features showing
significant inhibitory activity. The oxygen of the methoxy
group of compound 14 and terminal keto group of
compound 17 act as HBA and showed good inhibitory
activity. The developed pharmacophore model was
subjected to Fischer’s randomisation test at 90%
confidence level. The experimental activities of the
compounds in the training set were permuted nine times
and spreadsheets were obtained with the randomised
activity data. The average value of the randomised
correlation coefficient with standard error for hypothesis 3
was found to be 0.398 (£ 0.051) which is much lower than
the model correlation coefficient (0.738), indicating that
the model was not by chance. Though we got HBA as an
important feature in the pharmacophore study, it appears
that basically an electron-rich centre capable of formation
of co-ordinate bond with the iron of cytochrome is
important (see the results of the docking study).

3.1.2  Pharmacophore development with conformers
generated using the BEST method of conformer search

Similar to the earlier discussion, nine pharmacophore
hypotheses were generated using the training set
molecules for the BEST method. The result of the best
hypothesis (hypothesis 3) is listed in Table 3. In the
BEST method, the total hypothesis cost, expressed in
bits, of the nine best hypotheses varied from 93.8662—
115.321 (21.45 bits), suggesting existence of a moderate
signal generated by the training set. The configuration
cost was 4.392 bits indicating the appropriate selection of
training set selection. The difference between null
hypothesis and the fixed cost and that between the
fixed cost and total cost of the best hypothesis
(hypothesis 3) were 30.16 and 16.25 bits, respectively.
The predominant features in the generated hypotheses
were RA and HBA supporting previous observation with
CYP2B6 substrates involving HYD and HBA features
[28,57]. On the basis of the external prediction,
hypothesis 3 was selected as the best hypothesis. The
generated best hypothesis 1 (based on correlation)
showed moderate value (0.773) of correlation coefficient
because of a high RMSD value (1.142). Hypothesis 3

Figure 2. Most active compound (Compound 1) mapped into the pharmacophore obtained from hypothesis 3 using the training set
conformers developed from the FAST method of conformer generation. Shown are RA sphere (orange) feature with vector in the direction
of possible pi—pi interaction and HBA (green) feature with vector in the direction of putative hydrogen bond (colour online).
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was found to be the best model based on the mapping of
test set molecules. The accuracy of hypothesis 3 was
100% when applied to the training set molecules (Table
1). Hypothesis 3 was capable of mapping 18 molecules
out of 26 molecules in the test set. The external
evaluation parameters for hypothesis 3 are listed in Table
4, indicating validity of the generated hypothesis. The
distance between the two centres of the features (HBA,
RA) was 6.023 A (Figure 3). Other observations were
similar to the FAST method. Fischer’s randomisation test
was done at 90% confidence level and the randomised
correlation coefficient value with standard error
0.331(%£0.056) was much lower to model correlation
coefficient of 0.738 of hypothesis 3 (Table 3).

3.1.3 Pharmacophore development with conformers
generated using the CAESAR method of conformer search

By applying CAESAR method, nine pharmacophore
hypotheses were generated. The total hypothesis cost,
expressed in bits, of the nine best hypotheses varied from
99.4926-106.36 and such a small range (covering only 7
bits) was suggestive of the fact that the generated
hypothesis was homogeneous. The configuration cost was
9.594 bits indicating appropriate selection of training set
molecules. The difference between null hypothesis and the
fixed cost, and that between the fixed cost and total cost of
the best hypothesis (hypothesis 3) were 24.95 and 18.05
bits, respectively. Hypothesis 3 was capable of mapping 18
molecules out of 26 molecules in the test set and was
selected as the best hypothesis. The external evaluation
parameters for hypothesis 3 are listed in Table 4. Accuracy
prediction of training set prediction was 100% for
hypothesis 3 (Table 1). The generated best hypothesis 1
(based on correlation) showed moderate value (0.765) of

correlation coefficient because of a high RMSD value
(1.159). Other results were similar to those of the earlier
discussion. The distance between the two centres of the
features (HBA, RA) was 6.028 A (Figure 4). The
randomised correlation coefficient value was much lower
than the model correlation coefficient value as listed in
Table 3.

3.1.4 Overview

The suggested pharmacophores, in all three methods of
conformer generation, contain RA and HBA features.
These are only hypotheses and may fail in some cases.
Compounds 33 and 34 could not be mapped because these
do not contain the required pharmacophoric features
(according to the suggested hypotheses). However,
compounds 35-37, though having lower experimental
values, could be mapped as these contain the required
pharmacophoric features. Compound 38 contains one
HBA and one HYD feature whereas compounds 39—-41
contain HYD features; but none of them contain RA
features and hence these could not be mapped.

3.2 (QSAR analyses

Membership of compounds in different clusters generated
using k-means clustering is shown in Table 5. The test set
size was set to approximately 25% to the total data-set size
[59] and the test set members are shown in Table 2. The
following two equations (Equations (6) and (7)) were
among the best ones obtained from the GFA (5000
iterations). Both linear and linear spline terms were used
for the development of the models. The difference between
R? and Q2 values is not very high (less than 0.3) [60] for

Figure 3. Most active compound (Compound 1) mapped into the pharmacophore obtained from hypothesis 3 using the training set
conformers developed from the BEST method of conformer generation. Shown are RA sphere (orange) feature with vector in the direction
of possible pi—pi interaction and HBA (green) feature with vector in the direction of putative hydrogen bond (colour online).
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Figure 4. Most active compound (Compound 1) mapped into the pharmacophore obtained from hypothesis 3 using the training set
conformers developed from the CAESAR method of conformer generation. Shown are RA sphere (orange) feature with vector in the
direction of possible pi—pi interaction and HBA (green) feature with vector in the direction of putative hydrogen bond (colour online).

all the developed models.

pICso = 5.502(+0.231) — 0.643(+0.086)

< 8.407 =% xV > —3.994(+1.126)

< S_aaN — 3.980 > —66.190(*+16.500)

< 0.043 — Jurs_FPSA_3

> 40.268(+0.082)S_aaN (6)
Nraining = 36, LOF = 0.568, R* = 0.790,
R2=0.762, F =29.08(df4,31), 0*=0.725,

2 _ _ L
Fmwooy = 0723, nreq = 12, Ry g = 0.843,

r?n(test) = 06767 r?n(overull) = (0.754.

The relative importance of the descriptors according to
their standardised regression coefficients is in the
following order: < 8.407 —%y¥ >>< §_aaN — 3.980 >
><0.043 — Jurs_FPSA_3 >> S aaN.

The standard errors of regression coefficients are given
within parentheses. Equation (6) could explain 76.2% of
the variance (adjusted coefficient of variation) while it
could predict 72.5% of the variance (LOO predicted
variance). When the equation was used to predict the
CYP2B6 inhibition potency of the test set compounds, the

predicted R 2 (R f,red) value was found to be 0.843. The r rzn
values for the test, training and overall sets were found to
be 0.676, 723 and 0.754, respectively.

The zero-order valance-modified connectivity index
(°x") indicates the number of sub-graphs of zero order that
is, therefore, equal to the number of skeletal atoms or
vertices. This indicates the size of the molecular skeleton.
The term <8.407 — x” > indicates that for optimal
inhibitory activity of the compounds, the value of y”
should be greater than 8.407. Compounds such as 1, 3 and
8 showed good inhibitory activity compared to compounds
(such as compounds 30, 37, 39 and 41) with lower value of
the parameter.

The negative regression coefficient of the term
<S8 aaN — 3.980 > indicates that the value of the E-
state index of the fragment K\, (S_aaN) should be less than
or equal to 3.980 for ideal inhibition. The linear term in the
equation for the E-state index of the fragment K\, ie.
S_aaN shows positive contribution towards inhibitory
activity. Thus this indicates that high value of S_aaN
parameter facilitates inhibitory activity. Compounds
having non-zero value of S_aaN are 1-3, 7, 21, 24, 27
and 31. From the linear and spline term of S_aaN, it was
evident that the value of S_aaN should be high but less

Table 5. k-Means clustering of compounds using standardised descriptors.

Cluster  No. of compounds

Compounds (Sl nos.) in different clusters

no. in different clusters

1 8 1 2 5 6 7 12
2 15 13 17 20 25 26 30
3 7 3 4 8 10 11 19
4 18 9 14 16 18 21 22

15

45
23

42
33 36 37 38 39 40 41 46 48
24 27 28 29 31 32 34 35 43 44 47
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than 3.980. Among the compounds listed above,
compounds such as 1, 3 and 7 show significant inhibitory
activity satisfying the above mentioned range of S_aaN.
The rest of the compounds (such as 21, 24, 27 and 31)
showed poor activity due to lower value of the term y".
The results are also supported by the generated
pharmacophore hypothesis. In the generated hypothesis,
the fragment K\, present in the pyridine nucleus serves as
HBA feature (electron-rich centre) in all the three methods
of conformer generation for the compounds with higher
activity (such as compounds 1, 3 and 4).

The next term in Equation (6) is <0.043 —
Jurs_FPSA_3 > . The negative regression coefficient of
the term indicates that the value of fractional charged
partial surface areas (Jurs_FPSA_3) should be more than
0.043 for the required inhibitory activity. Jurs_FPSA_3
is derived from the following equation: FPSA_3 = I;};Sﬁ,
where PPSA; (atomic charge weighted positive surface
area) is the sum of products of atomic solvent accessible
surface areas (SASA) and partial charges ¢ over all
positively charged atoms (PPSA3; =, +q:.SA:). Com-
pounds such as 2, 5, 6, 8 and 9 with Jurs_FPSA_3
value greater than 0.043 showed good inhibitory
activity. On the other hand 21, 31 and 38-40 with
low values of Jurs_FPSA_3 showed poor inhibitory
activity. Compounds such as 30, 32 and 37 with high
value of Jurs_FPSA_3 showed poor inhibitory activity
because of the absence of | fragment and lower
value of y".

pICso = 3.829(+0.267) — 10.774(*1.772)

< 3.980 — S_aaN > +10.432(*1.669)

< 4207 — S_aaN > —0.093(*0.016)

< 51.395 — Molref > —8.046(*2.827)

<0.225 3 x! > %
Niraining = 36, LOF = 0.533, R* = 0.818,
R?=0.795, F =34.85(df4,31), 0*=0.772,
Fmooy = 0.750, n1eyy = 12, Ry = 0.832,

pred
Fesy = 0.749, =0.774.

2
rm(overall)

Equation (7) was found to be statistically significant
with explained variance of 79.5% and LOO predicted

variance of 77.2%. When Equation (7) is applied to the
test set compounds, the Rgred value was found to be
0.832. Statistical significance of the model is also
indicated by the rZ parameters listed in Table 6. The
relative order of importance of the descriptors: <
3.980 — S_aaN >><4.207 — S_aaN >><51.395 —
Molref >>< 0.225-3 Xo >

Two spline terms of the E-state index of the fragment
I S_aaN appearing in Equation (7) were <3.980 —
S_aaN > and <4.207 — S_aaN > . The positive and
negative coefficients of <4.207 — S_aaN > and
<3.980 — S_aaN > terms, respectively, indicate that the
values of the S_aaN should be between 3.980 and 4.207 for
significant inhibitory activity. Compounds such as 1 and 2
having S_aaN within this range showed significant
inhibitory activity (unlike compound 27). Considering a
further extension of the lower limit of 3.980 for S_aaN to
less than 3.980 as observed in Equation (6), we got
compounds such as 3 and 7 with significant inhibitory
activity.

The Molref index of a substituent is a combined
measure of its size and polarisability. The negative
coefficient of <51.395 — Molref > indicates that molar
refractivity is conducive for the inhibitory activity when
the value is more than 51.395. For optimum activity, the
values Molref should be less than 51.395 (such as in
compounds 1-3, 5-8, 10 and 43). Compounds with lower
values of Molref such as 33, 36—39 and 41 showed poor
inhibitory activity.

The third-order molecular connectivity index of
valance-modified cluster connectivity index (3 Xxo) indi-
cates the impact of branching. The negative coefficient of
the term <0.225 — 3x” > suggests that the value of 3x”
should be more than 0.225 for optimum inhibitory activity
(for example compounds 1-3, 5, 6, 8 and 43). Compounds
such as 33, 34, 37, 38 and 41 with low values of 3 Xe
showed poor inhibitory activity. But compounds (such as
25, 30, 35 and 39) with values of *x” greater than 0.225
showed poor inhibitory activity due to lack of aromatic
nitrogen and lower Molref values.

Equation (8) is one of the best ones obtained from the
G/PLS (1000 crossovers, scaled variables, and other
default settings respectively). Both linear and linear spline
terms were used for development of the models.

Table 6. Comparison of statistical qualities of different QSAR models®.

Type of statistical

analysis Equation no. R? R ﬁred r ,zn(tm) r ,zn(LOO) r fn(m,m")

GFA spline 6 0.790 0.725 0.843 0.676 0.723 0.754
7 0.818 0.772 0.832 0.749 0.750 0.774

G/PLS spline 8 0.751 0.648 0.696 0.654 0.449 0.487

2The best values of Q, Rgred and rzm(m,mm are shown in bold.
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pICso = 5.407 — 0.125 < 54.476 — Molref >
—0.149 < 23.993 — Jurs_DPSA_3 >
+ 0.711 < Hbondacceptor — 2 >

+0.621S_dsCH — 0.087°k,
MTraining = 36, LSE = 0.323, R* =0.751,
R2=0.728, F=32.26(df3,32), 0?=0.648,
rrzn(LOO) =0.449, nreq = 12, R’ = 0.696,

pred
= 0.654, rpoveran) = 0-487.

®)

2
T m(test)

The statistical quality of Equation (8) is listed in Table 6.
According to the standardised values of the regression
coefficients, the relative importance of the variables is in
the following order: <54.476 — Molref > > < 23.993 —
Jurs_DPSA_3 > > < Hbondacceptor — 2 > > S dsCH
>3 K.

The negative coefficient of the term <54.476 —
Molref > indicates that the value Molref should be greater
than 54.475. The result obtained for Equation (8) is similar
to that for Equation (7).

The difference in atomic charge weighted surface area
(Jurs_DPSA_3) which is the atomic charge weighted
positive solvent accessible surface area minus the atomic
charge weighted negative solvent accessible surface area is
expressed as

DPSA; = PPSA; — PNSA3;,

where atomic charge weighted negative surface area
(PNSA3) is the sum of products of atomic SASA and
partial charges ¢, over all negatively charged atoms
PNSA3; =", ¢, -SA, . The negative coefficient of the
term <23.993 — Jurs_DPSA_3 > indicates that
Jurs_DPSA_3 has a positive impact when it is more
than 23.993. Compounds such as 1-3 and 5-9 showed
significant inhibitory activity and the values of
Jurs_DPSA_3 for the above compounds are more than
23.993. Similarly, compounds such as 20, 21, 24, 27, 31,
33 and 34 showed poor inhibitory activity due to lower
values of Jurs_DPSA_3. But compounds such as 32, 35—
39 and 41 with higher value of Jurs_DPSA_3 showed poor
inhibitory activity due to lower Molref value.

Table 7. Results of the process and model randomisation tests™.

Molecular Simulation 899

The term <Hbondacceptor —2 > with a negative
regression coefficient indicates that the number of HBA
groups should be 2 or less than 2 for optimum inhibitory
activity. However, considering Equations (6) and (7) and
also the results of the docking study (vide infra), the
Hbondacceptor group actually indicates contribution of an
electron-rich centre such as a nitrogen atom capable of
formation of co-ordinate bond with the iron of
cytochrome. Compounds such as 1, 7, 10 and 11 with
two and compounds such as 2 and 6 with one HBA
group(s) [i.e. electron-rich centre(s)] showed significant
inhibitory activity. Compounds such as 35-39 and 41
with two HBA groups [i.e. electron-rich centres] showed
poor inhibitory activity due lower Molref value.

The E-state index of the fragment = CH— (S_dsCH)
has a positive contribution towards the inhibitory activity.
Compounds such as 13, 17, 30 and 47 have non-zero
values for the = CH— fragment and they showed
moderate inhibitory activity.

The third order alpha-modified shape index Cky)
indicates the shape of molecules considering the size
differences among the hetero atoms in different valance
states and it has detrimental contribution towards the
inhibition potency as evidenced by the negative regression
coefficient.

The results of process and model randomisation tests
are shown in Table 7, which shows that the G/PLS-derived
model [Equation (8)] does not fulfil the required criterion
of Rﬁ (the value being less than 0.5). On the basis of the
results on randomisation tests, the GFA-derived
Equation (7) is found to be more reliable than the other
reported equations.

3.3 Molecular docking study

For validation of the docking study, we removed the
preexisting co-crystallised ligand and docked freshly
prepared and energy minimised ligand, and compared the
binding site of the preexisting co-crystallised ligand and
that of the freshly prepared ligand. The reliability of the
docking procedure was indicated by the low RMSD value
0.79 A) obtained between the bound ligand in the crystal
structure and computationally freshly prepared docked
ligand (Figure 5).

Confidence level Equation No. R? R? R;
Process randomisation 90% 6 0.790 0.335 0.533
90% 7 0.818 0.335 0.568
90% 8 0.751 0.477 0.393
Model randomisation 99% 6 0.790 0.112 0.650
99% 7 0.818 0.110 0.689
99% 8 0.751 0.008 0.648

#The best values of R% (process randomisation and model randomisation) are shown in bold.
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Figure 5. Superimposition of docked ligand and bound ligand
(4-(4-chlorophenyl)imidazole) in the active site of human
CYP2B6 enzyme.

The important amino acid residues in the active site
cavity (within 4&) are Phe206, Phe297, Thr302, Glu301,
Ala298, Ile114, Ile101, Phel15, Leu363, Val367, Pro368,
Val477,Gly366 and Gly487, and this observation is in

R, 4\ A

agreement with the crystal structure information [31].
Although most of the residues in the binding site of
CYP2B6 are HYD, there are two residues with polar side
chains, Glu301 and Thr302.

Considering the most active compound in the data-set,
compound 1 is stabilised in the active site by the non-polar
amino acid residues such as Phe206, Phe297, Thr302,
Ala298, Tle114, Tle101, Phell5, Leu363, Val367, Pro368
and Val477 (Figure 6) by HYD interactions. The electron-
rich centre of compound 1, i.e. pyridine nitrogen, is in
close proximity (2.487 A) with iron moiety and it
coordinates with haeme moiety which is one of the very
essential properties for any CYP inhibitors [61]. Similar
observations were observed for compounds 2 and 7. The
only difference is the distance between iron and pyridine
nitrogen which is 2.573 A for compound 2 and 2.531 A for
compound 7. This is in agreement with the S_aaN term
contribution in QSAR Equations (6) and (7) [vide supra].
The term Hbondacceptor in QSAR Equation (8) [vide
supra ] appears to indicate contribution of an electron-rich
centre capable of formation of coordinate bond with iron
of cytochrome instead of formation of a hydrogen bond. In
case of compound 3 (Figure 7) containing three HBA
groups, the nitro group is close to haeme moiety and this
group changes the orientation of the molecule in such a

L /7/ =7

| Leu3s3

Figure 6. Docked conformation of compound 1 along with the important amino acid residues of human CYP2B6 enzyme.
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Figure 7. Docked conformation of compound 3 along with the important amino acid residues of human CYP2B6 enzyme.

way which facilitates unfavourable interactions with
amino acid residues (Ile101 and Ile114).

For the least active congeners in the data-set
(compound 41), the important amino acids in the active
site are Phe206, Val367, Thr302, Ala298, Ile114, Phe297,
Cys436 and Leu363 (Figure 8). According to pharmaco-
phoric hypotheses, this compound lacks the RA feature.
The docking results show that this molecule is far away
from the iron moiety thus making weak binding with the
haeme moiety. There is also formation of a bump with
Phe297 leading to poor inhibitory activity. The docking
study with another least active compound 38 shows
appearance of a number of bumps with the keto group of
molecule with the haeme moiety as well as a single
intramolecular bump (Figure 9).

To justify our QSAR results, we have performed
docking study of the molecules with more than 2 HBA
groups (electron-rich centres). The keto group of
compound 30 produces lots of unfavourable interactions
with the haeme moiety and shows poor inhibitory activity
(Figure 10). Another compound 45 produces lots of bumps
with amino acid residues (Ile114, Thr302 and Leu363) as
well as some intramolecular bumps due to its unfavourable
orientation in the active site (Figure 11).
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Figure 8. Docked conformation of compound 41 along with the
important amino acid residues of human CYP2B6 enzyme.
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Figure 10. Docked conformation of compound 30 along with the important amino acid residues of human CYP2B6 enzyme.
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Figure 11. Docked conformation of compound 45 along with the important amino acid residues of human CYP2B6 enzyme.

4. Overview and conclusion

Pharmacophore mapping and QSAR studies were carried
out for a structurally diverse set of 48 compounds as
CYP2B6 inhibitors. For the two types of analyses, training
and test sets were selected very carefully. For pharmaco-
phore development, 22 compounds were selected as the
training set and the remaining 26 compounds as the test
set. For QSAR study, the training (n = 36) and test
(n=12) sets were selected by k-means clustering
techniques. The reason is that for generation of
pharmacophore, we have to select the active molecules
in the training set otherwise steric clashes and other
unfavourable features of the inactive molecules would
decrease the quality of the developed pharmacophore. On
the other hand, for QSAR study, the test compounds
should be within the domain of training set compounds for
good prediction. The generated best hypotheses of
pharmacophores from the three methods of conformer
generation (FAST, BEST and CAESAR) indicate the
importance of two features, namely HBA (electron-rich
centre) and RA. The distance between the two centres of
features for ideal inhibitors varied from 5.820 to 6.028 A.

We have also performed docking study for the
compounds. It was observed from the docking study that
the active site of the enzyme CYP2B6 is almost
completely HYD. The only polar residues in the active
site are Thr302 and Glu301. From the docking study it can
be concluded that the molecules should contain an

electron-rich centre capable of formation of a co-ordinate
bond with the haeme moiety of the cytochrome enzyme.
Furthermore, stabilisation of binding of the molecules in
the active site occurs through the HYD interactions and
possible pi—pi interactions with aromatic amino acids
using the RA feature as observed in the case of the
pharmacophore study. Compounds with more than two
HBA groups (electron-rich centres) produce unfavourable
interactions in the active site cavity leading to poor
inhibitory activity.

For the QSAR analysis, models were generated from
training set compounds and the predictive ability of the
models was judged from the prediction of the CYP2B6
inhibition activity of the test set compounds. A
comparison of statistical quality of different models is
given in Table 6. The developed QSAR models indicate
the importance of different Jurs (Jurs_FPSA_3,
Jurs_DPSA_3) structural (Hbond acceptors), thermo-
dynamic (Molref), topological branching index
(0)(",3 )(z,3Ka) and E-state index for different fragments
(S_aaN, S_dsCH). The properties appearing in the QSAR
model such as S_aaN (which indicates the presence of
aromatic nitrogen) and HBA (electron-rich centre) support
the observation of developed pharmacophore. Though we
got HBA as an important feature in the pharmacophore
study, the docking study suggests that basically an
electron-rich centre capable of formation of co-ordinate
bond with the iron of cytochrome is important. Overall, the
analysis indicates that the different features such as the
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presence of HBA (electron rich) groups, size (Molref) of
the molecules, impact of branching and ring system, and
distribution of charges are important and these obser-
vations are in agreement with those of the source paper
[30]. All the three models have Q2 and Rﬁred values
greater than 0.5. The GFA-derived models are superior to
the G/PLS-derived models. For CYP2B6 inhibition, the
GFA model with spline option (Equation (7)) was found to
be the best model based on internal validation
Q 2= 0.772) whereas the best predictive model (external
validation) was the GFA model with spline option
(Equation 6; Rgred = 0.843). On the basis of rfn(overan)
criterion, the best model among the reported three models
(Table 6) was the GFA model with spline option (Equation
(7)’ rrzn(overall) = 0774)
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