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Classical and 3D-quantitative structure—activity relationship (3D-QSAR) studies have been performed for a series of
imidazole-substituted biphenyl derivatives (n = 28) having 17a-hydroxylase/17-20-lyase (CYP17) inhibitory activity.
3D-QSAR analyses were performed using molecular shape analysis (MSA), receptor surface analysis (RSA) and molecular
field analysis (MFA). The chemometric tools used for the analysis are genetic function approximation (classical QSAR and
MSA) and genetic partial least squares (MFA and RSA). The developed QSAR models suggest that the presence of an
imidazole group at the para position of the biphenyl ring is favourable for the inhibitory activity. The MSA-derived model
indicates the importance of different shadow parameters (Lx, Syz) as well as molecular rigidity. The MFA model suggests the
interaction points near the phenyl ring and the imidazole ring, while the RSA model indicates the nature of the hypothetical
receptor surface around the ring systems. The RSA-derived model was found to be the best model based on the highest internal
(Q* = 0.932) predictive power as well as rﬁl(ovmn) criteria (0.858). According to external prediction statistics (RIZ)recl = 0.876),
the MFA-derived model outperforms other models. Overall, there should be small (—H, —OH, —NH,) hydrophilic hydrogen

bond donor groups at the terminal phenyl ring (meta or para position) for optimum inhibitory activity.

Keywords: QSAR; LFER; MSA; MFA; RSA

Introduction

Genetic susceptibility in the progression of cancer is an
important area to be explored, especially in hormone-
related carcinomas such as breast and prostate cancer
(PC) [1]. PC is currently the most common malignancy
and age-related cause of death in elderly men worldwide
[2]. Regardless of advancements in early detection and
treatment methods, about 232,090 new cases and nearly
30,350 deaths occurred in the United States in 2005
alone [3]. According to the American Chemical Society,
during 2009, about 192,280 new cases of PC will be
diagnosed and about 27,360 men will die in the USA
(http://www.cancer.org/docroot/CRI/content/CRI_2_4_
1X_What_are_the_key_statistics_for_prostate_cancer
_36.asp). In 1941, Charles Huggins and colleagues [4,5]
first demonstrated the benefits of hormone deprivation
therapy for PC. Androgen plays a crucial role in the growth
development of the prostate gland, and approximately
80% of human prostate tumours are androgen dependent.
Androgen ablation remains the standard treatment for PC.
The presently used treatment is surgical castration
(orchidectomy) or, its medical equivalent, the application
of gonadotropin-releasing hormone (GnRH) analogues to
suppress testicular androgen biosynthesis [6]. But,
unfortunately, GnRH agonists fail to prevent the synthesis
of testosterone by adrenal glands. Then, the concept of
‘combined androgen blockade’, i.e. the combination of

GnRH analogues with androgen receptor (AR) antagonists
(flutamide, cyproterone acetate) to reduce the stimulatory
effects of remaining androgens, was often practised [7,8].
But anti-androgens can act as weak agonists in PC cells
expressing mutated and/or overexpressed AR [9].
In addition, combination therapy with anti-androgen
seems to fail to extend survival rates in patients with
advanced PC [10].

Cytochrome P450s (CYPs) represent a large class of
haem-containing enzymes that catalyse the metabolism of
multitudes of substrates, both endogenous and exogenous.
The majority of CYPs (designated as classes I and II) act as
versatile monooxygenases. Microsomal CYP enzymes
catalyse specific steps in the biosynthesis of steroid
hormones, cholesterol, prostanoids and bile acids,
participate in the catabolism of endogenous compounds,
including fatty acids and steroids, and are involved in the
degradation of exogenous compounds, including a
wide variety of structurally diverse drugs and carcinogens
[11-15].

Most cytochromes (CYPs) were once considered to be
liver-specific enzymes, but now their extrahepatic
expression has been well established. Members of the
CYP1-3 families have been identified in both healthy and
cancerous extrahepatic tissues [16]. 17a-Hydroxylase/17-
20-lyase (CYP17) is responsible for the production of
androgen expressed in testes and adrenals [17]. The
cytochrome bs-modulated key enzyme CYP17 for
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androgen synthesis catalyses the last two sequential
reactions in the production of testosterone such as (1) 17a-
hydroxylation and (2) subsequent C17-C20 bond
cleavage of pregnenolone and progesterone to form
dihydroandrostendione (DHEA) and androstenedione,
the precursors of testosterone [18,19]. Therefore, CYP17
has become the target of interest for the systemic
inhibition of androgen production and CYP17 inhibitors
could be a promising alternative to GnRH analogues and
anti-androgens for the treatment of PC.

Ketoconazole, an antifungal agent, was the only
CYP17 inhibitor used clinically for the treatment of
advanced PC to reduce testosterone biosynthesis through
unspecific inhibition [20,21]. Different attempts were
made in order to obtain specific steroidal as well as non-
steroidal CYP17 inhibitors. Recently, the steroidal CYP17
inhibitor abiraterone has entered into phase II clinical trial
showing high activity in postdocetaxel castration refrac-
tory PC patients with no dose-limiting toxicity [22,23].
Being a potent inhibitor of CYP17, steroidal compounds
showed certain serious limitations such as short half-life,
poor bioavailability and first-pass metabolism during oral
administration [24-29]. Because of the adverse effects
related to the steroidal nucleus, there is a need to develop
new potent and selective non-steroidal CYP17 inhibitors.
Several categories of highly potent and specific steroidal
and non-steroidal CYP17 inhibitors have been reported in
the literature [23,30,31]. The molecular scaffold for
both steroidal and non-steroidal inhibitors is an
iron-complexing group, mostly a nitrogen-bearing hetero-
cycle, combined with a lipophilic moiety with an
appropriate hydrophilic substitution at an appropriate
position [32-37].

The design of selective and potent inhibitors of CYP17
for the treatment of PC is of utmost importance in
accelerating drug discovery process. Due to the non-
availability of the crystal structure of the CYP17 enzyme
until now, only homology modelling [using CYP X-ray
(3DBG and IN97) from bacteria] [38,39] followed by
docking studies has been performed in order to identify the
interacting amino acids in the active site [23,30,31]. In the
present work, we perform the molecular shape analysis
(MSA), the molecular field analysis (MFA) as well as the
receptor surface analysis (RSA) of a series of imidazole-
substituted biphenyls reported by Wachall et al. [40], in
order to explore the contribution of the molecular shape as
well as other physicochemical features of the ligands to the
human CYP17 inhibitory activity and the essential
information of the hypothetical active site of the human
CYP17 enzyme. In addition, we also perform the
quantitative structure—activity relationship (QSAR)
analysis using a classical linear free energy-related
model of Hansch to design potent and selective CYP17
inhibitors. We have not clubbed the present data-set [40]
with other data-sets having CYP17 inhibitory activity

reported in the literature due to differences in the
experimental protocols.

Material and methods
Data-set and descriptors

Inhibitory activities of a series of imidazole-substituted
biphenyl derivatives (Figure 1; Table 1) against the human
CYP17 testicular enzyme reported by Wachall et al. [40]
were used as the model data-set for the present QSAR
analysis. The inhibitory potencies of the compounds [ICs
(wM)] were converted to the logarithmic scale [pICsg
(mM)] and then used for subsequent QSAR analyses as the
response variable. For maintaining data homogeneity, we
have not clubbed this data-set with those reported
elsewhere in the literature as the protocols for the
experiments were found to be different. For the classical
QSAR analysis using a linear free energy-related (LFER)
model of Hansch [41,42], we took lipophilicity constant
(), electronic constant (Hammett o) and steric [molar
refractivity (MR) and STERIMOL L, B, and Bs]
parameters of the aryl ring substituents along with
appropriate indicator parameters. Different physico-
chemical and indicator variables used in this study are
defined in Table 2. The values of the physiochemical
substituent constants (Table 3) were taken from the
literature [43]. The MSA, RSA and MFA were used as the
3D-QSAR techniques. For the MSA, shape (DiFFV, Fo,
NCOSV, COSV, ShapeRMS), electronic (Apol, Dipole,
HOMO, LUMO and Sr) and spatial (Radius of gyration,
Jurs, Shadow indices, Area, PMI-mag, Density, Vm)
descriptors were used. For the calculation of 3D
descriptors, multiple conformations of each molecule
were generated using the optimal search as the
conformational search method. Each conformer was
subjected to an energy minimisation procedure using a
smart minimiser under an open force field (OFF) 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+module of the Cerius2 version 4.10
software [44] under QSAR+environment on a Silicon
Graphics O2 workstation running under the IRIX 6.5
operating system. Definitions of all the descriptors can be
found at the Cerius2 tutorial available at the website
http://www.accelrys.com.

Model development

The data-set (n=28) was first divided into two subsets by a
K-means clustering technique based on a standardised
physicochemical descriptor matrix [45]. The number of
compounds in the training set was 21, while the number of
compounds in the test set was 7. In the case of the Hansch
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Table 1. Observed and calculated CYP17 inhibitory activity.

S Obs® Cal® Cal® Cal? Cal®
Training set

01 3.009 3.103 2.982 3.101 3.049
02 2432 2.487 2.308 2.257 2.593
03 3.509 3.541 3.462 3.590 3.574
05 2.237 2.243 2.336 2.423 2.206
06 2.377 2.670 2.444 2.436 2.302
07 2.602 2.721 2.444 2.577 2.586
08 2.114 1.913 2.202 2.102 2.278
09 3.229 3.111 3.128 3.169 3.214
10 3.886 3.384 3.733 3.592 3.946
11 3.18 3.044 3.000 3.059 3.158
12 2.886 2.805 2.976 2914 2.812
14 2.745 3.220 2.629 2.796 2.593
16 3.678 3.619 3.559 3.729 3.663
17 2.509 2.528 2.586 2.737 2.793
19 2.658 2.541 2.776 2.605 2.593
21 3.066 2.980 3.285 3.166 3.002
22 2.538 2.450 2.390 2.539 2.470
24 2432 2.550 2.597 2.288 2.479
25 2.921 2.823 3.248 2711 2.850
26 2.678 2.949 2.570 2.987 2.666
28 3.481 - 3.513 3.386 3.339
Test set

04 3.018 3.011 2.698 3.023 2.932
13 2.886 2.868 2.783 2.891 3.086
15 3.638 3.510 3.412 3.789 3.355
18 4.06 3.261 4.010 3.674 4.183
20 2.347 1.926 2.173 2.306 2.593
23 1.886 1.681 1.964 2.028 2.168
27 2.377 3.058 3.064 2.868 2.862

#Obs, observed CYP17 inhibitory activity [40]. bCal, calculated from
Equation (1). ©Cal, calculated from Equation (2). dCal, calculated from
Equation (3). ¢ Cal, calculated from Equation (4).

method, one compound in the training set could not be
considered due to the absence of a common scaffold. For
the development of the QSAR models, the statistical
techniques used were genetic function approximation
(GFA) and genetic partial least squares (G/PLS).

Table 2. Definitions of physicochemical and indicator

parameters.

Parameter Definition

T 7 value of the substituent at the meta position
of the terminal phenyl ring

T Hammett o constant value of the substituent at
the meta position of the terminal phenyl ring

MR,, MR value of the substituent at the meta position
of the terminal phenyl ring

™, 7 value of the substituent at the para position of
the terminal phenyl ring

o, Hammett o constant value of the substituent at
the para position of the terminal phenyl ring

MR, MR value of the substituent at the para position
of the terminal phenyl ring

L, L, is the length of the substitutions at the para
position of the terminal phenyl ring

Timidazole Indicator variable having a value of 1 for the

para substitution of the imidazole group and
0 for the meta substitution

For the MSA, the major steps are as follows:
(1) generating conformers and energy minimisation;
(2) hypothesising an active conformer (global minimum
of the most active compound); (3) selecting a candidate
shape reference compound (based on active confor-
mation); (4) performing pairwise molecular superimposi-
tion using the maximum common subgroup (MCSG)
method; (5) measuring molecular shape commonality
using MSA descriptors; (6) determining other molecular
features by calculating spatial, electronic and confor-
mational parameters; (7) selecting conformers and (8)
generating QSAR equations by the GFA. Optimal search
was used as the conformational search method. Each
conformer was subjected to an energy minimisation
procedure using a smart minimiser under an OFF to
generate the lowest energy conformation for each
structure. The global minimum conformer of the most
active compound (10) was selected as a shape reference to

Table 3. Values of physicochemical parameters (substituent constants)”.

Substituents T O o, MR® B, Bs L

—OMe —-0.02 0.12 —-0.27 0.787 1.35 3.07 3.98
—OH —0.67 0.12 —-0.37 0.285 1.35 1.93 2.74
—F 0.14 0.34 0.06 0.092 1.35 1.35 2.65
—Cl 0.71 0.37 0.23 0.603 1.80 1.80 3.52
—Me 0.56 —-0.07 —-0.17 0.565 1.52 2.04 2.87
—CN —-0.57 0.56 0.66 0.633 1.60 1.60 4.23
—SMe 0.61 0.15 0.00 1.382 1.70 3.26 4.30
—NO, —0.28 0.71 0.78 0.736 1.70 2.44 3.44
—NHCOCH; —-0.97 0.21 0.00 1.493 1.35 3.61 5.09
—NH, —1.23 —0.16 —0.66 0.542 1.35 1.97 2.78
—OCH,O0— —0.05 —-0.16 —-0.16 0.90 1.35 3.07 3.98
H 0.00 0.00 0.00 0.10 1.00 1.00 2.06

2Taken from [41]. P MR values scaled to a factor of 0.1 as usual.
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which all the structures in the study compounds were
aligned through pairwise superpositioning. The method
used for performing the alignment was MCSG [44,46].
The measure of molecular shape similarity is interdepen-
dent upon the molecular superposition. Finally, additional
electronic, spatial and thermodynamic descriptors were
also calculated.

MFA is a method for quantifying the interaction
energy between a probe and a set of aligned molecules
[47]. The major steps of the MFA [46] are as follows:
(1) generating conformers and energy minimisation;
(2) matching atoms using the MCSG alignment; (3)
setting MFA preferences (rectangular grid with a 2 A step
size, charges by the Gasteiger algorithm, H", CH;, CHZ,
CHj; and donor/acceptor as probes); (4) creating the field
and (5) analysing by the G/PLS method. MFA models are
predictive and sufficiently reliable to guide the chemist in
the design of novel compounds. This approach is effective
for the analysis of data-sets where activity information is
available but the structure of the receptor site is unknown.
MFA attempts to postulate and represent the essential
features of a receptor site from the aligned common
features of the molecules that bind to it. This method
generates multiple models that can be checked easily for
validity. The MFA formalism calculates probe interaction
energies on a rectangular grid around a bundle of active
molecules. Atoms in the target molecule are fixed, so that
intramolecular energy in the target is ignored. The surface
is generated from a ‘Shape Field’. The atomic coordinates
of the contributing models are used to compute field values
on each point of a 3D grid. Fields of molecules are
represented using grids in the MFA, and each energy
associated with an MFA grid point can serve as the input
for the calculation of a QSAR. These energies were added
to the study table to form new columns headed according
to the probe type. For a set of structures for which energy
fields are generated, some or all of the grid data points can
be used as descriptors in generating QSAR models and
analysing structure—activity relationships. Along with
MFA descriptors, we used physicochemical and structural
descriptors for obtaining the final QSAR models.

In the case of the RSA, the major steps are as
follows: (1) generating conformers and energy minimisa-
tion; (2) aligning molecules using the MCSG method;
(3) generating the receptor model based on the five most
active compounds; (4) evaluating the compounds in the
generated receptor model and (5) generating equations
by the G/PLS method. RSA is a useful tool in situations
when the 3D structure of the receptor is unknown [48]
since one can build a hypothetical model of the receptor
site. RSA differs from pharmacophore models in that the
former tries to capture essential information about the
receptor, while the latter captures information about
the commonality of compounds that bind to a receptor.
A receptor surface model (RSM) embodies essential
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information about the hypothetical receptor site as a 3D
surface with associated properties such as hydrophobi-
city, partial charge, electrostatic potential, van der Waals
(VDW) potential and hydrogen bonding propensity. The
surface points that organise as triangular meshes in the
construction of the RSA store these properties as
associated scalar values. RSMs provide compact,
quantitative descriptors, which capture 3D information
of interaction energies in terms of steric and electrostatic
fields at each surface point, which in other techniques
such as CoMFA are calculated using probe interactions
at various grid points. These descriptors can be used for
3D-QSAR studies. In the case of the RSA, we developed
the QSAR equation taking physicochemical and
structural descriptors along with RSA descriptors.

In the case of QSAR models with physicochemical
descriptors and MSA models, the GFA technique
[49,50] was used to generate a population of equations
rather than one single equation for correlation between
the biological activity and physicochemical properties.
GFA involves the combination of multivariate adaptive
regression splines algorithm with genetic algorithm to
evolve a 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 nonlinear modelling. A
distinctive feature of the 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. It also inspires the use of splines as a
powerful tool for nonlinear modelling. Splines are
interpreted as performing either range identification or
outlier removal.

In the case of the MFA and RSA, G/PLS was used as
the statistical tool. The G/PLS algorithm [51,52] may be
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.

Statistical qualities

The statistical qualities of the equations were judged by
the parameters such as determination coefficient (R?) and
variance ratio (F) at specified degrees of freedom (df) [53].
For G/PLS equations, least-squares error (LSE) was taken
as an objective function to select an equation, while LOF
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was noted for the GFA-derived equations. The generated
QSAR equations were validated by leave-one-out (LOO)
cross-validation R (Q2) and predicted residual sum of
squares (PRESS) [54-56], and then were used for the
prediction of enzyme inhibition activity values of the test
set compounds. The prediction qualities of the models
were judged by statistical parameters such as predictive R*
(Rgred), squared correlation coefficient between observed
and predicted values of the test set compounds with
(r2) and without (r%) the intercept. It was previously
shown that use of Rgred and r* might not be sufficient
to indicate the external validation characteristics [57].
Thus, an additional parameter rm([est) (defined as
r2(1 — \/r? — r2)), which penalises a model for large
differences between observed and predicted values of the
test set compounds, was also calculated. Two other
variants [58] of the r2, parameter, r2, Loo) and rm(ovem“),
were also calculated. The parameter r,, ey 18 based on
the prediction of both training (LOO prediction) and test
set compounds. It was previously shown [58] that rfn(LOO)

and 72 mesyy penalise a model more strictly than Q? and
Rf)red, respectively. As an additional tool for validation,
randomisation test was applied on the model development
process and the developed models. The randomisation
tests were performed at 90% confidence level for the
process and the developed model were subjected to the

randomisation test at 99% confidence level. Another

parameter R;(R; =R?\/R? — R%) (R? being squared
mean correlation coefficient of random models) was also
calculated [59,60] to check whether the models thus
developed are not obtained by chance.

Results and discussion

The test set size was set to approximately 25% to the
total data-set size [61], and the test set members are shown in
Table 1. Statistical qualities of all important models are listed
in Table 4. All the models have a Q2
and Rpred value greater than 0.5 and the difference
between R? and corresponding O values for the models is
not very high (less than 0.3) [62].

Classical type QSAR (LFER model)

Equation (1) was among the best ones obtained from the
GFA (5000 iterations). Both linear and spline terms were

Table 4. Comparison of statistical qualities of different models.

used to develop the equations,

pICsp = 2.541(£0.102) — 0.507(£0.101)(L, — 2.74)
+ 0.562(=0.12) 1midazotle — 0.655(0.102) 7,
— 0.420(*0.127),,
Mraining = 20, LOF =0.132, R?=0.817,

R2=0.770, F=16.70(df4,15), Q>=0.699,

PRESS = 1.313, nreq =7, Rpq = 0.621,

=0.577, rpi00) = 0.525, = 0.530.

ey

The standard errors of regression coefficients are given
within parentheses. Equation (1) could explain 77.0% of the
variance while it could predict 69.9% of the variance (LOO-
predicted variance). When the equation was used to predict
the CYP17 inhibition potency of the test set compounds, thc
predicted R* (R? ored) Value was found to be 0.621. The r
values for the test, training and overall sets were statistically
significant (rm(lest) 0.577, ra(LOO) =0.525 and
rfn(overan) = 0.530). The relative importance of the descrip-
tors according to their standardised regression coefficient
values is of the following order: (L, — 2.74) > lmidazole >
Lp - 2. 74) > l[midazole > T, > 1T,

L is a steric parameter, which is the length of the
substituents along the axis of its substitution to the parent
skeleton. The term (L, — 2.74) with negative regression
coefficient indicates that to avoid detrimental interactions,
the value of L, should be less than 2.74. L, is the length of
the substitutions at the 4 (para) position of the terminal
phenyl ring. It has been observed that H or —OH
substitution at 4 position of the terminal phenyl ring
(such as 1, 3 and 21) showed more activity due to their
small L value than other substitutions (such as —SMe in
the case of compound 8).

Itmidazole 18 an indicator parameter denoting the pattern
of attachment of the imidazole group to the biphenyl ring.
It is 1 and O for the para and meta positions, respectively,
of the imidazole group with respect to the second phenyl
group. The positive coefficient of this parameter indicates
that the para substitution of the imidazole group is
favourable for the activity.

2
m(test) r m(overall)

Type of models R 0 Réred r rzn(test) r rzn(LOO) r rzn(overull)
LFER 0.817 0.699 0.621 0.577 0.525 0.530
MSA 0.915 0.827 0.808 0.788 0.674 0.708
MFA 0.910 0.809 0.876 0.792 0.785 0.820
RSA 0.954 0.932 0.853 0.763 0.908 0.858
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The parameter 7 is the lipophilicity substitution
constant, which is a very important parameter in modelling
studies. Both the terms 7, and 7, have negative regression
coefficient. The negative coefficient of the lipophilic
substituent constants (7, and ,) of the meta and para
substituents of the terminal phenyl ring indicates that
lipophilic substitutions are detrimental for the inhibitory
activity. Compounds with a hydrophilic (—OH)
substituent at the para position of the terminal phenyl ring
(such as compounds 3 and 21) showed good inhibitory
potency when compared to compounds with —Cl, —Me,
—SMe and —F substitutions such as compounds 5, 6, 8 and
22, respectively. A similar trend is also observed in the case
of the meta position of the terminal phenyl ring. For
example, —OH and —NH, substituents (compounds 10 and
16) are more favourable for the activity than —CI and —F
(in the case of compounds such as 12 and 11, respectively).

Molecular shape analysis

A view of the aligned training set molecules is shown in
Figure 2. The best equation is obtained from the GFA
(5000 iterations) with linear terms,

pICsp=12.795(+0.994) — 0.607(%=0.062)Shadow_Xlength

—0.490(£0.098)Rotatablebonds

@

—0.075(*+0.013)Shadow_YZ

+0.339(%=0.069)Hbonddonor
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Mraining =21, LOF=0.050, R*=0.915,
R2=0.894, F=43.22(df4,16), 0*=0.827,

PRESS =0.825, nre =7, Riyeq=0.808,

Fresy = 0788, 7100, =0.674, 1, =0.708.

m(overall) —

According to the standardised regression coefficients,
the relative importance of the descriptors in Equation (2) is
in the following order: Shadow_Xlength >
Rotatablebonds > Shadow_YZ > Hbonddonor. The stan-
dard errors of regression coefficients are given within
parentheses. The equation was found to be statistically
significant with an explained variance of 89.4% and a
LOO-predicted variance of 82.7%. When the equation is
applied on the test set compounds, the Rgred value was
found to be 0.808. Statistical significance of the model was
also indicated by 72 parameters which are listed in Table 4.

Shadow_Xlength (Lx) is the length of the molecule in
the X dimension. The negative regression coefficient of the
term indicates that an increase in the length of the
molecule in the X dimension (Lx) [for example, in the case
of compounds 2, 7, 8 and 26 (imidazole-substituted
biphenyl derivatives with p-OCHj, p-CN, p-SMe, m-
NHCOCH; groups at the terminal phenyl ring)] is
detrimental for the inhibitory activity. Similarly, com-
pounds with p-OH, m-OH, p-NH, groups at the terminal
phenyl ring (compounds 3, 10 and 16) or replacement of
the terminal phenyl ring by the thiophene ring (in the case

Figure 2. Aligned geometry of the training set molecules.
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of compound 28) showed higher activity due to lower
values of Lx.

Rotatablebonds is the number of rotatable bonds in the
molecules, and the negative coefficient of the term
indicates importance of restriction of molecular flexibility.
Compounds 16 and 28 with less number of rotatable bonds
and shadow parameters (Lx, Syz) value in the lower range
showed good inhibitory activity. Compounds 24—26 with
more number of rotatable bonds showed poor inhibitory
activity. Compounds with less number of rotatable bonds
such as 1, §, 6 and 12 showed poor inhibitory activity due
to relatively large value of the two shadow parameters
(Shadow_Xlength, Shadow_YZ) and without any hydro-
gen bond donor group.

Shadow_YZ (Syz) is defined as the area of the
molecular shadow in the YZ plane. The negative
coefficient of the term indicates that an increase in the
area of the molecular shadow in the YZ plane (such as
compounds 24 and 26) is detrimental for the activity.
Compound 28 with least value of the parameter showed
good inhibitory activity. It has been observed that
compounds with moderate values of the parameters
(Lx, Syz and Rotatablebonds) with at least one hydrogen

bond donor group (such as compounds 3, 10 and 16) show
good inhibitory activity.

The positive coefficient of Hbonddonor indicates that
compounds with more number of hydrogen bond donor
groups showed good inhibitory activity (3, 10 and 16).
Compounds 25 and 26 showed poor inhibitory activity
in spite of having one hydrogen bond donor group due
to high values of other parameters (Lx, Syz and
Rotatablebonds).

Molecular field analysis

The field generated was of the rectangular type. The probes
used were HT, CH;, CH;, CH»;r and donor/acceptor. The
charge method used was the Gasteiger type, and the energy
cut-off was kept at —50 to +50kcal. Additionally, we
added physicochemical and structural descriptors as the
independent variables along with the MFA descriptors. The
QSAR equation was generated using the G/PLS method
(1000 crossovers, linear terms, scaled variables, number of
components 2, initial equation length 2, no fixed length
of the final equation and other default settings). A view of
the aligned training set molecules in the field is shown
in Figure 2. The following equation was obtained from

I:!O—IS1 ¥ 1262

Figure 3. The view of the most active compound 10 (cylinder model) and least active compound 8 (stick model) in the molecular field

with important interaction points.
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the MFA:
pICs0=4.673—0.010(HO™ /75+0.716)

—0.010(HO™ /262+0.670) — 0.409

(1 —Hbonddonor) —0.009CH; /123

—0.008(HO™ /318+-0.021)—0.318AlogP (3,
PTraining =21, LSE=0.020, R*=0.910, R =0.900,
F=90.79(df2,18), 0*>=0.809,

PRESS =0.908, neq=7, R%.,=0.876,

pred

=0.792, 121,00, =0.785, 12 =0.820.

m(tesl) m(overall) —

The relative order of importance of the descriptors is as
follows: (OH /75 + 0.716) > (OH /262 + 0.670) >
(1 — Hbonddonor) > CH3/123 > (OH /318 + 0.021) >
AlogP.

Equation (3) could explain and predict, respectively,
90.0 and 80.9% of the variance. The external validation
StatlSthS of Equation (3) are very good (R> pred = 0.876 and
m(tw) =0.792). In Equation (3), OH" /318 OH /262,
CHa3/123 and OH /75 are the probes which correspond to
the spatial position as shown in Figure 3. These terms
indicate the interactions of the probe with the ligands at
points 318, 262, 123 and 75, respectively. Among the
above points, 75 and 123 are close to the para position of
the terminal phenyl ring and points 318 and 262 are near
the imidazole ring.

The negative coefficient of the term (OH /75 +
0.716) indicates that substitutions at the terminal phenyl
ring reduce the interaction energy between the hydroxy
probe at the grid position and the ligand and facilitate the
inhibitory activity. Lipophilic and or bulky substitutions at
this point are detrimental for the activity (such as
compounds 2, 6 and 8). Hydrophilic substitutions with
hydrogen bonding capacity lower the interaction energy
between the probe and the target molecule and increase the
inhibitory activity (such as compounds 3, 10 and 16). The
parameter CH5/123 with negative regression coefficient
indicates that the presence of lipophilic and/or bulky
groups at the terminal phenyl ring is detrimental for the
activity (compound 8).

It has been observed that the imidazole group present
at the meta position of the terminal phenyl ring interacts
with points 318 and 262. However, for the imidazole group
present at the para position of the terminal phenyl ring,
points are far away from the imidazole group. The negative
coefficients of the terms (OH /262 + 0.670) and
(OH /318 4+ 0.021) thus indicate the optimum position
of the imidazole moiety (i.e. para) for favourable
inhibitory activity.
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In Equation (2), Hbonddonor has positive coefficient
and in Equation (3), (I — Hbonddonor) has negative
regression coefficient. This indicates that for the optimal
inhibitory activity, the number of hydrogen bond
donors should be more than 1 or at least 1 (compounds
3,10 and 16).

The negative coefficient of AlogP (log of partition
coefficient) indicates that compounds with high values of the
parameter (such as compounds §, 6, 12 and 22) show poor
inhibitory activity than compounds with less value of the
parameter (compounds 10, 16 and 28). Compound 26 having
the least value of the parameter shows poor inhibitory
activity due to the presence of the imidazole ring at the meta
position of the terminal phenyl ring as stated earlier.

Receptor surface analysis

The RSM is usually generated from the most active
compounds in the data-set. The rationale is that the most
active molecules tend to explore the best spatial and
electronic interactions with the receptor, while the least
active molecules do not and tend to have unfavourable
steric and electrostatic interactions. We initiated our study
with receptor models generation using the five best active
compounds (compounds 3, 9, 10, 16 and 28) in the training
set. After the generation of the RSM, all the structures in
the training and test sets can be evaluated against the
model. The model can be used to calculate the energy
associated with the binding of a molecule in the model.
It can also be used to minimise a molecule by adjusting the
geometry of the structure into a ‘best-fit configuration’
based on the constraints imposed by the receptor model.
The best model (G/PLS, 1000 crossovers, linear and spline
terms, number of components 2, initial equation length 2
and other default settings) obtained from the training set
compounds is as follows:

pICsy =3.002 4 35.351( — 0.617 — TOT/494)
— 0.408(1 — Hbonddonor)
— 0.582(A log P98 — 3.025)
— 0.852( — 0.085 — TOT/2094) @
Mraining = 21, LSE = 0.010, R* =0.954, R? = 0.949,
F = 185.66(df 2,18), Q%= 0.932,
PRESS =0.323, npeq =7, Rb.4 = 0.853,
Foesy = 0.763,

raioo) = 0-908, = 0.858.

2
rm(overall)

The relative importance of the descriptors
according to their standardised value is of the
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following order: (—0.617 — TOT/494) > (1 —
Hbonddonor) > (A log P98 — 3.025) > ( — 0.085 — TOT
/2094). Equation (4) could explain and predict,
respectively, 94.9 and 93.2% of the variance. The
external validation statistics of Equation (4) are very
good. The predictive R” value for the test set was 0.853
and rfn values for the test, training and overall sets were
found to be 0.763, 908 and 0.858, respectively.

The descriptors TOT/494, TOT/2094 are the sum of
both electrostatic interaction energy and VDW interaction
energy at points 494 and 2094, respectively. By using
receptor data to develop a QSAR model, the goodness of
fit can be evaluated between a candidate structure and a
postulated pseudoreceptor. The view of the RSM
embedded with most active compound 10 and compound
25 and the interaction points is shown in Figures 4-6,
mapped with charge, hydrogen bonding and hydrophobi-
city, respectively. The RSM represents essential infor-
mation about the hypothetical receptor site as a 3D surface
with associated properties mapped onto the surface model.
The location and magnitude of a descriptor can be used as
a guideline to improve the activity of molecules. The
surface represents information about the steric nature of
the receptor site and the associated properties of interest,
such as hydrophobicity, partial charge and hydrogen-
bonding propensity. In Figure 4, the red areas are
positively charged, blue areas are negatively charged and
white areas are neutral. Similarly, in Figure 5, purple areas
act as hydrogen bond donors, light blue areas act as
hydrogen bond acceptors and white areas do not

have hydrogen bonding activity. The brown areas in
Figure 6 are hydrophobic. Figures 7 and 8 are the RSM
embedded with the most active compound 10 and the least
active compound 8 mapped with total energy, respectively.
The magenta colour represents favourable interaction
sites, while the green-coloured regions represent unfavour-
able sites for the binding of the molecule on the receptor
surface. From Figure 7, it can be observed that favourable
interactions occur in the case of compound 10 near
the phenyl ring with —OH substitution, while Figure 8
shows that substitution such as —SMe at the phenyl ring
(compound 8) causes detrimental interactions. Favourable
interactions can be seen near the imidazole ring. Figures 5
and 6 showing RSMs mapped with hydrogen bond donor
property and hydrophobicity, respectively, suggest that the
surface near the substitution on the terminal phenyl ring is
hydrophilic and hydrogen bond donor groups are present at
this position. Therefore, it can be inferred that hydrophilic
and hydrogen bond acceptor groups are favoured as
substitutions in the terminal phenyl ring for the inhibitory
activity. The surface near the imidazole ring is moderately
hydrophilic and hydrogen bond acceptor groups are
present in this site.

Point 494 is near the imidazole ring and interaction at this
point is not favourable for receptor—ligand interactions. The
negative coefficient of the term ( — 0.617 — TOT/494)
indicates that the interaction value at point 494 should be less
than —0.617 for the inhibitory activity. Compounds such as
9, 10, 16 and 28 (para-substituted compounds) with low
TOT/494 value (or high negative value) showed good

Figure 4. The most active compound 10 (cylinder model) and compound 25 (stick model) embedded into the RSM mapped with charge:
the red areas are positively charged, blue areas are negatively charged and white areas are neutral.
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Figure 5. The most active compound 10 (cylinder model) and compound 25 (stick model) embedded into the RSM mapped with
hydrogen bonding: the purple areas act as hydrogen bond donors, light blue areas act as hydrogen bond acceptors and white areas do not

have hydrogen bonding activity.

inhibitory activity. On the other hand, compounds 19, 22 and
25 (meta-substituted biphenyls) showed poor activity due to
high TOT/494 value.

The number of hydrogen bond donor groups for
inhibitory activity should be 1 or more than 1 as stated in
Equation (3).

Point 2094 is close to the terminal phenyl ring and
interaction at this point is favourable for receptor binding
for good inhibitory activity. Compound 19 with high
interaction value at point 2094 showed poor inhibitory
activity due to the lack of a hydrogen bond donor group as
well as high interaction energy value at point 494.

L TOT/494

Figure 6. The most active compound 10 (cylinder model) and compound 25 (stick model) embedded into the RSM mapped with

hydrophobicity: the brown areas are hydrophobic.
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Figure 7. The best active compound 10 embedded into the RSM
mapped with total energy: the magenta colour represents
favourable interaction sites.

Compounds with interaction energy at higher range at
point 2094 (such as 3, 10 and 16) with at least 1 or more
hydrogen bond donor groups showed better inhibitory
activity than compounds (such as 24-26) with lower
interaction energy at point 2094.

The value of Alog P98 should be less than 3.025 for
optimum inhibitory activity as the term (A log P98 — 3.025)

Figure 8. The least active compound 8 embedded into the RSM
mapped with total energy: the magenta colour represents
favourable interaction sites, while the green colour region
represents unfavourable sites for binding of the molecule to the
receptor surface.

bears negative regression coefficient. Compounds with
lower value of A log P98 (such as 3, 10, 16 and 28) showed
good inhibitory activity than highly lipophilic compounds
(such as 5, 6, 8 and 12).

Randomisation

Further validation of the models was carried out using the
Y scrambling technique. The process randomisation test
has been performed at 90% confidence level and the
developed models were subjected to the randomisation test
at 99% confidence interval. The Y column was permuted
randomly and the squared average correlation coefficient
(Rf) of all the randomised models was calculated. The
process randomisation is different from the model
randomisation in that the descriptor selection process is
repeated from the whole pool of descriptors in the former
case, while, in the latter case, only those descriptors
present in the model are used. The values of R? obtained
for all the models were significantly lower than the squared
correlation coefficient (RZ) of the non-randomised model
except for the MFA and RSA process randomisation. Since
no guideline is given as to how much this difference should
be, the values of Rz were calculated for all the developed
models. This parameter penalises the model R for small
difference between R* and R?. Table 5 gives a detailed
report of the different results obtained in the randomisation
test. The values of Rﬁ obtained for all the models (model
randomisation) were quite above the acceptable value of
0.5 (0.638-0.926). The results thus infer that all the
models developed were robust enough and not the outcome
of mere chance. The process randomisation results of
MFA and RSA did not cross the required value of 0.5.

Comparison of the present models with previously
published OSARs on the present data-set

In Table 6, statistical quality of the models developed in
this paper is compared to those reported previously [40].
However, in the previous paper [40], less number of
compounds was considered for model development; thus,
a direct comparison is not possible.

Table 5. Randomisation results for the process and models.

Type of Type of

models randomisation R? R? R12,

LFER Process (90%) 0.817 0.426 0.511
Model (99%) 0.817 0.207 0.638

MSA Process (90%) 0.915 0.368 0.676
Model (99%) 0.915 0.193 0.778

MFA Process (90%) 0.910 0.640 0.473
Model (99%) 0.910 0.005 0.866

RSA Process (90%) 0.954 0.755 0.425
Model (99%) 0.954 0.012 0.926
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Table 6. Comparison of the present models with previous
QSARs on this data-set.

Modelling No. of No. of
Reference techniques descriptors compounds ~ R?
Wachall ~ Linear 2 8 0.941
et al. [40]

Linear 2 8 0.884

Linear 3 16 0.903
Present GFA, Equation (1) 4 20/7* 0.817
study

GFA, Equation (2) 4 20/7* 0.915

G/PLS, Equation (3) 6 20/7* 0.910

G/PLS, Equation (4) 4 20/7* 0.954

“The number of training set compounds is 20 and the number of test set
compounds is 7.

Overview and conclusions

The whole data-set of 28 compounds was divided into a
training set and a test set based on K-means clustering of
the standardised physicochemical descriptor matrix and
models were developed from the training set. The
predictive ability of the models was judged from the
prediction of the CYP17 inhibition activity of the test set
compounds. A comparison of statistical quality of
different models is given in Table 4. All the models
suggest that the presence of the imidazole group at the
para position of the biphenyl ring is favourable for the
inhibitory activity which is in agreement with the source
paper [40]. All the models (except MSA) indicate negative
contribution of lipophilicity of compounds towards
inhibitory activity. QSAR analysis with physicochemical
descriptors indicates the importance of steric descriptors
(L,) related to the length of substituents at the para
position of the terminal phenyl ring as well as lipophilic
substituents (7, and 77,) constant at the terminal phenyl
ring. The length of the substitution at the para position
of the phenyl ring should be small (—H, —OH) as in the
case of compounds 1, 3 and 21 to avoid steric interactions
as compared to other substitution such as —SMe
(compound 8). Substitutions such as —OH and —NH, at
the terminal phenyl ring will retain inhibitory activity and
—Cl, —Me, —SMe and —F substitutions will disfavour
inhibitory activity. MSA analysis indicates the importance
of shadow indices (Shadow_Xlength, Shadow_YZ) and
hydrogen bond donor groups as well as molecular
flexibility (Rotatablebonds). The results indicate that
small substituents (—OH, —NH,) at the terminal phenyl
ring are favoured when compared to other substitutions
(—OCH;, —CN, —SMe, —NHCOCH;). MFA results
showed specific interactions of the probes at different grid
locations with the molecules (thus indicating importance
of different substituents on the terminal phenyl ring and
the imidazole ring). Hydrophilic substitutions with
hydrogen bonding capacity at the terminal phenyl ring
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(meta or para position) are conducive for inhibitory
activity than bulky or lipophilic substitutions. The RSM
gives information about the steric nature of the receptor
site and the associated properties of interest, such as
hydrophobicity, hydrophilicity and hydrogen bonding
propensity. Overall, it can be concluded that the
substitutions at the terminal phenyl ring should be small
and hydrophilic with hydrogen bonding capacity. There is
no crystal structure available for the human CYP17
enzyme (homology model is available) [23,30,31].
In computational modelling, ligand-based approaches are
the main alternative for those enzymes without crystal
structures. Thus, graphical representations of the
beneficial and non-beneficial interactions in the MFA
will allow a medicinal chemist to design new structures.
Knowledge of receptor properties of interest can be
extracted from the graphs derived in 3D-QSAR. Shape and
physicochemical properties of substitutions along with the
above knowledge can also be identified for the favourable
receptor—drug interaction. Randomisation results for the
process and models are listed in Table 5. Based on
the model randomisation, the Rﬁ values for the developed
models are well above the cut-off value (>0.5). It has been
observed that G/PLS-derived models are superior to GFA-
derived models based on validation parameters. The RSA-
derived G/PLS model was found to be the best model
based on the highest internal (0* =0.932) predictive
power as well as ri(ovmn) criteria (0.858). According to
external prediction statistics (Rﬁred = 0.876), the MFA-
derived G/PLS model outperforms the other models.
However, based on the process randomisation, the MSA
model is more reliable than the other equations.
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