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Abstract

Quantitative structure—activity relationship (QSAR) analysis was performed on a series of 1,3-diaryl-4,5,6,7-tetrahydro-2H-isoindole for
their cyclooxygenase-2 (COX-2) inhibition. QSAR investigations were based on Hansch’s extra thermodynamic multi-parameter approach
and receptor surface analysis (RSA). QSAR investigations reveal that steric and electrostatic interactions are primarily responsible for COX-
2 enzyme—ligand interaction. QSAR model derived from Hansch analysis demonstrated that COX-2 inhibitory activity is correlated with
sum of atomic polarizability (Apol), number of hydrogen-bond donor groups (HBD), energy of the highest occupied molecular orbital
(HOMO), desolvation free energy for water (Fu,0) and fraction of areas of molecular shadow in the XY and ZX planes over area of enclosing
rectangle (Sxyf and Sxzf) with r ranges 0.870—0.904. The best model was obtained from RSA model having r = 0.940 with good predictive
ability (predicted compounds in training set and test set within +1.0 unit of pICs) and can be used in designing better selective COX-2 inhibitors

among the congeners in future.
© 2007 Elsevier Masson SAS. All rights reserved.
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1. Introduction

Non-steroidal anti-inflammatory drugs (NSAIDs) still
remain among the most extensively used drugs world wide
and have been used in the treatment of inflammatory conditions
like rheumatoid arthritis, osteoarthritis, orthopedic injuries,
post operative pain, etc. [1,2]. However, the use of conventional
NSAIDs have been restricted due to their adverse effect espe-
cially gastrointestinal toxicity and renal insufficiency [3,4]. A
major discovery in the search of novel anti-inflammatory
agents without deleterious side effects exhibited by the conven-
tional NSAIDs came from the identification of two different
isoforms of the cyclooxygenase (COX) enzyme known as
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COX-1 and COX-2. COX-1 is a constitutive isoform that is
involved in normal cellular functions whereas COX-2 is an
inducible isoform that is expressed only after inflammatory
stimulus [5,6]. Greater deal of attention has been paid to the di-
aryl heterocyclic analogues as selective COX-2 inhibitors ever
since the discovery of celecoxib [7] and rofecoxib [8]. Co-crys-
tallization [9] and site directed mutagenesis studies [10] sug-
gested that there are some non-conserved amino acid
residues that are primarily responsible for selectivity of most
selective COX-2 inhibitor of this class; Arg’"® and Val’*
(His5 13 and N1e% in COX-1) have been demonstrated to be im-
portant. Arg”'? is a key residue for affinity through sulphone
moiety. Val’>® of COX-2 is smaller than Ile>** of COX-1 by
a single methylene group and allows the access of side pocket,
the additional binding site of most selective COX-2 inhibitors,
whereas bulkier isoleucine in COX-1 blocks the access to that
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side pocket. The investigation of selective COX-2 inhibitors in
the treatment of colon cancer [11], Parkinson’s [12] and
Alzheimer’s [13] diseases is the current highly interesting
area of research in this therapeutic area.

Since the last decade QSAR analysis of different tricyclic
class of selective COX-2 inhibitors with different heterocycles
(Fig. 1) including thiazole, oxazole, furan, imidazole, iso-oxa-
zole, pyrimidine, and thiophene as the central core has been
studied [14—21]. Recently Portevin et al. [22] reported a novel
series of 1,3-diaryl-4,5,6,7-tetrahydro-2H-isoindole deriva-
tives as potent and selective COX-2 inhibitors in which a sul-
phonyl group is not a structural requisite. No QSAR work has
been done to date on this class of compounds as it is the first
time to introduce bicyclic ring system as central core of the di-
aryl heterocyclic class of selective COX-2 inhibitors. It is re-
alized worthwhile to rationalize these compounds, in terms
of physicochemical requirement.

In the present study, we have performed the quantitative
structure—activity relationship analysis by conventional Han-
sch’s extra thermodynamic multi-parameter approach [23]
and receptor surface analysis (RSA) [24]. In Hansch’s
approach, structural features of drug molecules are quantified
in terms of different parameters and these structural features
are correlated to quantified biological activity through equa-
tion using regression analysis. RSA represents essential infor-
mations about hypothetical receptor site as a 3D surface with
associated properties mapped onto the surface model. The
location and shape of the surface represent information about
the steric nature of the receptor site, while the associated
properties represent other informations of interest such as
hydrophobicity, partial charge, electrostatic potential and
hydrogen-bonding propensity. The RSA model conveys impor-
tant information in an intuitive manner and provides predictive
capability for evaluating new compounds.
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Fig. 1. Structural feature of tricyclic class of selective COX-2 inhibitors.

2. Material and methods
2.1. Data set

A data set of 30 molecules have been taken from the pub-
lished results [22]. COX-2 inhibitory activity was expressed as
ICsq values (ICsq values are concentration of compounds re-
quired to achieve 50% inhibition against COX-2 from mouse
resident macrophages). The biological data have been con-
verted to —log molar concentration (pICsy) to reduce the
skewness of the data set. It is essential to assess the predictive
power of the models by using a test set of compounds. This
was achieved by arbitrarily setting aside five compounds as
a test set. The test set was created on the basis of suggestions
by Oprea et al. [25] which are (i) the biological assay methods
for both training set and test set should be compatible or same;
(i) for the test set, the biological activity values should span
several times but should not exceed activity values in training
set by more than 10%; (iii) the test set should represent a bal-
anced number of both active and inactive compounds for uni-
form sampling of the data. The structures and COX-2
inhibition data of training set and test set are given in Table 1.

2.2. Molecular structure generation

All the molecular modeling and statistical analysis were
performed using Cerius® [26] and QSAR easy software [27].
The structures of the compounds were built using molecular
sketcher facilities provided in the modeling environment of
Cerius®. Geometric optimization was carried out using dreid-
ing force field [28] while the partial atomic charges were
calculated with Gasteiger method [29]. All the molecules
were initially minimized with smart minimizer and further
geometric optimization was carried out for each molecule
with MOPAC 6 package using the semi-empirical AMI1
Hamiltonian [30]. X-ray crystallographic structure of inhibitor
SC-558 bound to the active site of COX-2 was obtained from
Brookhaven Protein Data Bank (PDB entry 6COX).

2.3. Alignment

Initially all the molecules were manually aligned to most
selective molecule ISOIN14 (Table 2) by considering the sig-
nificant common structure (Fig. 2). Further refinement in the
alignment was carried out by automated approach in Cerius’.
A stereo view of aligned molecules is observed in Fig. 3.

2.4. Hansch approach

The thermodynamic, spatial, electronic and topological
parameters shown in Table 2 were calculated for QSAR anal-
ysis using Cerius®. Thermodynamic parameters describe free
energy change during drug receptor complex formation.
Spatial parameters are the quantified steric features of drug
molecules required for its complimentary fit with receptor.
Electronic parameters describe weak non-covalent bonding
between drug molecules and receptor.
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Table 1
Structure and COX-2 inhibition data of 1,3-diaryl-4,5,6,7-tetrahydro-2H-isoindole derivatives

N

|

R

R2

Comp. No Ring R R' R? pICso*
ISOIN11 Q H H H 8.823
ISOIN12 @ H H H 8.481
ISOIN13® O CH;3 H H <6.000
ISOIN14 O NH, H H 8.744
ISOIN15 O NHSO,CH; H H 6.301
ISOIN16 O CH,COOH H H <7.000
ISOIN17 O H F F 8.769
ISOIN18 O H CH;S CH;S 6.301
ISOIN19 O H CH; CH; 7.771
ISOIN20 O H OCH; OCH3; 7.671

(continued on next page)
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Table 1 (continued)

Comp. No Ring R R' R? pICso?

ISOIN21° O H Cl Cl 8.301
ISOIN22 O H F Imidazol-1-yl 7376
ISOIN23° O H Imidazol-1-yl Imidazol-1-yl <7.00

ISOIN24 H H H 8.508
ISOIN25 H H H 7.838
ISOIN26 CH; H H 6.000
ISOIN27 U H H H 9.154
ISOIN28 U H F F 8.537
ISOIN29 ph N H H H <7.000
ISOIN30" HNO H H H <7.000

ISOIN31 H H H 8.585
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Table 1 (continued)
Comp. No Ring R R' R? pICso?
ISOIN32 i H F F 8.958
ISOIN33 i H F F 8.346
ISOIN34 @ H F CH;S0, 6.154
ISOIN35 @ H CH;S0, CH;S0, 5.000
ISOIN36 @ H H H 8.796
ISOIN37° @ H F F 9.221
ISOIN38 @ H H H 7.448
ISOIN39 - <7.000

O | O
F H F
H,COCHN NHCOCH,

ISOIN40 <7.000

NHCH NHCH

% —log ICso in molar concentration (ICs, values are concentration of compounds required to achieve 50% inhibition against COX-2 from mouse resident

macrophages).
® Compound in test set.
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Table 2

List of descriptor calculated for Hansch approach

Type Symbol Description

Electronic APOL  Sum of atomic polarizabilities

DIP Dipole moment measured in debye units
HOMO  Energy of highest occupied molecular
orbital in electron volts

Energy of lowest unoccupied molecular
orbital in electron volts

LUMO

Structural MW Molecular weight
RBOND Number of rotatable bonds
HBA Number of hydrogen-bond acceptor groups
HBD Number of hydrogen-bond donors groups

Thermodynamic Alog P log of the partition coefficient

Fu,0 Desolvation free energy for water in kcal mol
Foo Desolvation free energy for 1-octanol in
kcal mol ™!

MR Molar refractivity

Spatial ROG Radius of gyration

AREA  Molecular surface area

DEN Density in gml ™!

PMI Principal moment of inertia

Vm Molecular volume

Wiere  The sum of the chemical bonds existing between

index all pairs of heavy atoms in the molecule

Zagreb  The sum of the squares of vertex valencies

Sxy Area of the molecular shadow in the XY plane

Sxz Area of the molecular shadow in the YZ plane

Syz Area of the molecular shadow in the XZ plane

Sxyf Fraction of area of molecular shadow in the
XY plane over area of enclosing rectangle

Syzf Fraction of area of molecular shadow in the
YZ plane over area of enclosing rectangle

Sxzf Fraction of area of molecular shadow in the

XZ plane over area of enclosing rectangle

n Ratio of largest to smallest dimension

L, Length of molecule in the X dimension
L, Length of molecule in the ¥ dimension
L, Length of molecule in the Z dimension

Stepwise multiple regression analysis was used to generate
QSAR equations. Statistical measures used were: n — number
of sample in the regression, » — correlation coefficient, 2 —
squared correlation coefficient (coefficient of determination),
s — standard deviation, Fischer’s value calculated (F.,) and
tabulated (Fi,,) for statistical significance and correlation ma-
trix to show mutual correlation among the parameters (Table 3)
[13]. Mutual correlation among the parameters present in
multi-parameter containing equations should be less than 0.5.

2.5.RSA

According to the technique described by Hahn [24], hypo-
thetical receptor surface was generated. Compounds ISOIN11,

7\

Fig. 2. Significant common structure for molecular alignment.

Fig. 3. A stereo view of aligned molecules.

ISOIN14, ISOIN17, ISOIN27 and ISOIN32 were selected as
a template to build the receptor surface model. The interaction
energy of all the molecules was evaluated within this receptor
surface. The receptor surface descriptors, expressed as 3D
field descriptors, were derived from Van der Waals and elec-
trostatic interaction energies between the receptor surface
and CH; and H" groups as probes. Fig. 4 is a stereo view of
receptor surface also showing the template molecules inside
the receptor surface. These descriptors were used as indepen-
dent variables for the generation of QSAR equations. Regres-
sion analysis was carried out using genetic function
approximation (GFA) method where genetic operations have
been performed over 50,000 generations. Statistical parameters
used for selection of the model are number of compounds (n),
adjusted correlation coefficient (ridj), conventional correlation
coefficient (rz), predicted sum of squared (PRESS) residuals,
Fischer’s value calculated (F,) and tabulated (F,,) for statis-
tical significance, bootstrap correlation coefficient (rés), and
least square error (LSE). Equations with highest 7%, erj
and F-test values and lowest LSE and PRESS values were
considered for further discussion.

3. Results and discussion
Before using the biological data for QSAR, they should be

transformed to —log ICsq X 10~ or —log molar dose or pICs
to get all the values positive, normal distribution of errors and

Table 3
Correlation matrix for Egs. (2)—(6)
pICso Apol HBD HOMO Fu,0 Sxyf Sxzf
pICso 1.000
Apol 0.870 1.000
HBD 0.011 0.260 1.000
HOMO  0.248 0.208  0.016 1.000
Fu,o 0.237 0490 0.786  0.210 1.000
Sxyf 0.371 0460 0.156  0.120 0.220 1.000
Sxzf 0.271 0.398 0.352 0429 0.506  0.365 1.000
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Fig. 4. Receptor surface model generated at 0.01 A surface fit and 50% trans-
parency level.

to get linear free energy relationship of these data with phys-
icochemical properties.

Alignment rule, i.e., molecular conformation and orienta-
tion, is one of the most sensitive input areas for QSAR studies
especially for 3D QSAR, since the relative interaction energies
depend strongly on relative molecular position [31]. MOPAC
minimized structures were read in Cerius® and aligned on
each other using active analogue alignments by taking the
most selective compound of training set as reference (ISOIN14)
and on this all other molecules were aligned, i.e., they were ad-
justed so as to get maximum overlapping of each on the most
selective one (minimum root mean square deviation).

For Hansch analysis regression was performed using pICs
values as dependent variables and calculated parameters as in-
dependent variables. Out of hundreds of equations generated,
some of the best QSAR equations are given below.

pICso = —0.000617 x Apol + 16.269758

These equations were generated in stepwise manner by for-
ward selection method starting with best single variable and
adding further significant variable according to their contribu-
tion to the model. Initially, equations of first generation, which
showed individual correlation of all calculated parameters
with pICsy of COX-2, were obtained. Out of these equations,
only Eq. (1) that shows negative correlation with the sum of
atomic polarizabilities (Apol) showed the highest correlation
coefficients at the 95% level of significance (Fi23 cal
=32.673>F, 59 123 b =4.284). For the remaining para-
meters, -~ is less as well as F 123 cal < Fy 59 123 wp and there-
fore they were not significant.

Egs. (2)—(6) are the equations of second generation. Apol
having the highest correlation in first generation is fixed and
only those parameters, i.e., HBD, HOMO, Fpy,o, Sxyf and
Sxzf, which have intercorrelation with Apol less than 0.5,
i.e., assigned value of relaxation factor (see in Table 3) are
added to Eq. (1) one by one. Addition of hydrogen-bond donor
(HBD) group parameter to Eq. (1) generates Eq. (2), which
shows favorable effect of HBD along with unfavorable effect
of Apol on pICsq of COX-2 and also has the highest overall
statistics. The addition of all five parameters to Eq. (1) is
95% significant as F, 5, o, for all five equations is greater
than Fy, 59, 222 tab (3.45).

In any thorough investigation of the effects of molecular
properties, it is essential to prove that the results are both sta-
tistically valid and make chemical sense. Neither approach is
sufficient alone. It would be appropriate to obtain insight
into the physical meaning of the correlation obtained as an
output of the regression analysis.

The Apol descriptor computes the sum of the atomic polar-
izabilities [32]. The polarizabilities are calculated from A co-
efficients used for molecular mechanics calculations.

Pa:ZA,-

n=25,r=0870, r> = 0.757, F1 23 cu = 32.673, Fo s, 123y = 4.284, std = 0.581 (1)

pICso = —0.000664 x Apol + 0.449673 x HBD + 16.405326

n= 25, r= 0904, }’2 = 08177 F2‘22 cal — 29819, Fa 5% 2.22 tab — 345, std =0.516 (2)

pICso = —0.000606 x Apol — 0.327658 x HOMO + 13.056474

n= 257 r= 0873, 1‘2 = 0761, F2,22 cal — 21276, Fa 5% 2,22 tab — 345, std = 0.590 (3)

pICsy = —0.000703 x Apol — 0.063167 x Fy,0 + 16.543090

n= 25, r= 0897, 1‘2 = 0804, F2,22 cal = 27334, Fa 5% 2,22 tab — 345, std = 0.535 (4)

pICsp = —0.000629 x Apol — 1.443421 x Sxyf + 17.278286

n= 25, r= 0871, rz = 0758, F2.22 cal = 20872, Fa 5% 2,22 tab = 345, std = 0.594 (5)

pICsy = —0.000642 x Apol — 1.990139 x Sxzf + 17.990429

n= 25, = 0874, I"2 = 0764, F2722 cal — 21530, Fa 5% 2,22 tab — 345, std = 0.587 (6)
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HBD is a structural descriptor that counts the number of
hydrogen-bonding donor groups in the current molecule [33].
In Eq. (2), HBD shows positive correlation along with Apol.
As we know that there are large number of hydrogen-bond ac-
ceptor groups like OH, NH,, CO, etc. are present in the side
chain of amino acid residues of enzyme, therefore, in some cases
hydrogen bonding is the most prominent interaction for the im-
mobilization of ligand with hydrogen-bond donor groups in the
active site of enzyme. Positive contribution of HBD descriptor
of these derivatives to COX-2 enzyme inhibition indicates the
effectiveness of the hydrogen bonding on their interaction.

The correlation of the frontier orbital energies suggests the
involvement of some electronic interactions in the process
under study. HOMO (highest occupied molecular orbital) is
the highest energy level in the molecule that contains electrons
and LUMO (lowest unoccupied molecular orbital) is the low-
est energy level in the molecule that contains no electrons.
Both these energies are important in governing molecular
reactivity. When a molecule acts as a Lewis base (an elec-
tron-pair donor) in bond formation, the electrons are supplied
from the molecule’s HOMO. How readily this occurs is re-
flected in the energy of the HOMO. Molecules with high
HOMOs are more able to donate their electrons and hence
are relatively reactive compared to molecules with low-lying
HOMO s, thus the HOMO descriptor should measure the
nucleophilicity of a molecule [34]. This correlation of frontier
orbital energies suggests that the molecules, which are less
susceptible to attack by electrophile, i.e., less reactive or
more stable, would be better COX-2 inhibitors.

Fu,o is the aqueous desolvation free energy in kcal mol '
derived from a hydration shell model developed by Hopfinger
[35]. This is a physicochemical property associated with linear
free energy (LFE) models that measure absolute hydrophilicity
of the molecule. LFE computations are based solely on the
connectivity of the atoms in a molecule and are not conforma-
tionally dependent. This property is useful as molecular
descriptor in QSAR. QSAR calculates Fiy,o for each molecule
by searching the molecule for recognizable substituent groups
and their bonding patterns and summing the substituent con-
stants’ contributions for each group that is present in the mol-
ecule. Negative contribution of Fy,o in Eq. (4) suggests that
increase in aqueous solubility would be unfavorable for
COX-2 inhibition.

Sxyf and Sxzf are geometric descriptors that help to char-
acterize the shape of the molecules. Sxyf and Sxzf are fraction
of areas of molecular shadow in the XY and ZX planes, respec-
tively, over area of enclosing rectangle. The descriptors are
calculated by projecting the molecular surface on mutually
perpendicular planes, XY and XZ [36]. These descriptors
depend not only on the conformation but also on the orienta-
tion of the molecule. To calculate them, the molecules are first
rotated to align the principle moments of inertia with the X, Y,
and Z-axes. Negative effect of both these indices indicates that
after substitution, orientation of the molecule should be such
that the extension in the shape of molecules in XY and XZ
planes as compared to reference molecule ISOIN14 is mini-
mum for better COX-2 inhibition.

Activities of compounds in training set and test set were
predicted using the best two models, i.e., Eqs. (2) and (4).
Results are given in Table 4. Graphs between the predicted ac-
tivities calculated from Eqgs. (2) and (4) vs observed activities
and the residuals of prediction vs compounds in training and
test sets are shown in Figs. 5 and 6, respectively. From these
graphs it can be observed that all the compounds in training
set were predicted within +1.0 unit of the pICsq of COX-2.
Compounds in test set were predicted with less accuracy,
£2.0 unit of pICsy, indicating that external predictability is
lower. Although conventional statistics of these equations are
significant with less external predictability, these equations in-
dicate that steric and electronic effects of substituents might
have a role to play in determining the COX-2 inhibition.
The more advanced and accurate RSA approach was further
considered for this data set by considering steric and electro-
static 3D field descriptors.

The receptor surface model is normally 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 elec-
tronic interactions with the receptor, while the least active do
not tend to have unfavorable steric and electrostatic interac-
tions. We initiated our study with receptor models’ generation
using the five potent and selective compounds (ISOINT1I,

Table 4

Predicted activity from best equation obtained in Hansch analysis and RSA
S.  Comp. Observed Predicted pICsg Residual

No.code  pICso g (2) Eq. (4) RSA Eq. (2) Eq. (4) RSA

1 ISOINII 8.823 8.680 8.650 8.926 0.143 0.173 —0.103
2 ISOIN12 8481 8471 8468 8385 0.010 0.013 0.096
3 ISOINI3* <6.000 7.890 8.060 6.415 —1.890 —2.060 —0.415
4 ISOIN14 8744 8842 8706 8937 —0.098 0.038 —0.193
5 ISOINIS 6301 6.445 6926 6.120 —0.144 —0.625 0.181
6 ISOIN16 <7.000 7.468 7.630 6.671 —0.468 —0.630 0.329
7 ISOIN17 8769 8531 8482 8871 0238 0.287 —0.102
8 ISOIN18 6301 5.697 5.516 6.733 0.604 0.785 —0.432
9 ISOINI9  7.777 7934 7.849 7.534 —0.157 —0.072 0.243
10 ISOIN20  7.671 7.477 7.838 7.834 0.194 —0.167 —0.163
11 ISOIN21* 8301 6.635 6.483 8289 1.666 1.818 0.012
12 ISOIN22 7376 6.802 7.065 7.365 0.574 0311 0.011
13 ISOIN23" <7.000 5.074 5648 6.800 1926 1352 0.200
14 1ISOIN24 8508 7.998 7.906 8504 0.510 0.602 0.004
15 ISOIN25  7.838 7.789 7.695 7.903 0.049 0.143 —0.065
16 ISOIN26  6.000 6.999 7.104 6.343 —0.999 —1.104 —0.343
17 ISOIN27  9.154 9.021 9.024 8487 0.133 0.130 0.667
18 ISOIN28 8537 8872 8856 9.100 —0.335 —0.319 —0.563
19 ISOIN29 <7.000 6.315 6.450 6.737 0.685 0.550 0.263
20 ISOIN30" <7.000 9.524 9.469 7.854 —2.524 —2.469 —0.854
21 ISOIN31 8.585 8433 8448 7.882 0.152 0.137 0.703
22 ISOIN32 8958 8283 8279 8257 0.675 0.679 0.701
23 ISOIN33 8346 8.075 8.097 8203 0.271 0249 0.143
24 ISOIN34  6.154 6.866 6.796 6.533 —0.712 —0.642 —0.379
25 ISOIN35  5.000 5.449 5313 4784 —0449 —-0.313 0.216
26 ISOIN36  8.796 8.092 8.074 8.032 0.129 0.147 0.189
27 ISOIN37* 9221 7943 7905 8954 1278 1316 0.267

28 ISOIN38  7.448 7.883 7.892 7957 —0.435 —0.444 —0.509
29 ISOIN39 <7.000 6.577 6.361 6.725 0423 0.639 0.275
30 ISOIN40 <7.000 7.862 7.608 7.378 —0.862 —0.608 —0.378

# Compound in test set.
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Fig. 5. Graph of observed vs predicted activity from Egs. (2) and (4) and RSA.

ISOIN14, ISOIN17, ISOIN27 and ISOIN32) as template mol-
ecules. The receptor surface was generated at 0.01 A surface
fit and 50% transparency level. After the receptor surface
model has been generated, 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 minimize
a molecule by adjusting the geometry of the structure into
a ‘“‘best-fit configuration” based on the constraints imposed
by the receptor model. All the interaction energies and pICsy
of the derivatives were subjected to regression by GFA. The
GFA algorithm approach has a number of important advan-
tages over the other techniques: (i) it builds multiple models
rather than a single model; (ii) it automatically selects which
features are to be used in the models; (iii) it is better at discov-
ering combinations of features that take advantage of correla-
tions between multiple features; (iv) it incorporates
Friedman’s lack-of-fit (LOF) error measure, which estimates
the most appropriate number of features, resists over fitting,
and allows control over the smoothness of fit; (v) it can use
a larger variety of equation term types in construction of its
models (for example, step functions or high-order polyno-
mials); (vi) it provides, thorough study of the evolving models,
additional information not available from standard regression
analysis (such as the preferred model length and useful parti-
tions of the data set). The following equation was obtained as
the best equation in the population of 100 equations:

pICsy =6.687 x (TOT/1481)+0.790
x (InterVDWEnergy)—11.0154 x (TOT/1710)+4.321
x (TOT/1263)+10.411 x (TOT/1709) +12.254
n=25,LOF=0.123,7=0.940, > =0.883,
ray =0.859, F-test=36.311,
PRESS =6.464,LSE=0.139 (7)

The descriptors TOT/1481, TOT/1710, etc. are added
energy of both electrostatic and van der Waals interaction
energies at points 1481, 1710, etc. Descriptor Inter VDWEnergy
is non-bond van der Waals energy between molecule and
receptor. The above equation explains 88.3% variance in the
activity with respect to steric and electrostatic interaction

30
M Egn. 2
20 [MEgn. 4
RSA

1.0+

RESIDUAL
o
o

COMPOUND CODE

Fig. 6. Graph of compound vs residual from Eqs. (2) and (4) and RSA.

energies between receptor points and molecules in data set.
The statistical measures, rz, LSE and F, determine the estima-
tion power of model for the same data from which it has been
determined and evaluate it only internally. On the other hand,
cross-validated parameters, LOF, rgdj and PRESS, determine
the prediction power for the data not included in deriving
the model and evaluate the model externally to avoid chance
of correlation completely. It can be observed that the overall
statistics of the equation generated in RSA are excellent and
their prediction ability is also significant (Fig. 6). From this
graph it can be seen that compounds in training set and test
set were predicted within £1.0 unit of pICs.

The receptor surface model represents essential information
about the hypothetical receptor site as a 3D surface with asso-
ciated properties mapped onto the surface model. The location
and magnitude of a descriptor can be used as a guideline to im-
prove the COX-2 inhibitory activity of molecules. The surface
represents information about the steric nature of the receptor
site and the associated properties of interest, such as hydro-
phobicity, partial charge, and hydrogen-bonding propensity.
Interaction energies’ correlations were mapped on the surface
of model. Fig. 4 is a stereo view of the receptor surface also
showing the molecule in training set. The magenta color rep-
resents negative energy values as favorable interaction sites,
while the green-colored regions represent positive energy
values that are unfavorable sites for binding of the molecule
on the receptor surface. (For interpretation of the references
to color in this text, the reader is referred to the web version
of this article.) This color-coding anticipates the characteristic
structural features of the active site of COX-2 where the deriv-
atives are being accommodated. This information can offer
a qualitative way of examining compounds, by introducing
them into the virtual receptor and visually inspecting the fa-
vorable/unfavorable interactions; substituents that increase or
decrease the binding affinity can be easily recognized, and
one can make easily simple but accurate structure—activity
estimations.

To understand the interactions between amino acid residues
and molecules under study, the most potent and selective mol-
ecule ISOIN14 (grey in color) was superimposed on the highly
selective COX-2 inhibitor SC-558 (yellow in color) in the ac-
tive site of tricyclic inhibitor (Fig. 7A and 7B). The active site
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Fig. 7. Superimposition of ISOIN14 (in grey color) on highly selective inhibitor SC-558 (in yellow color): (A) without active site and (B) with active site of COX-2.
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

was viewed within 5 A areas. The comparison of the orienta-
tion of molecule under study with the orientation of SC-558 in
the active site shows that substituent NH, at R of ISOIN14 is
being occupied in the region, which is surrounded by hydro-
gen-bond acceptor groups (red ‘O’ and blue ‘N’ colored
atom of Ala >*’ Leu®?', and Arg'?®). This might be the region
of correlation of HBD parameter with pICsq of COX-2 in
Hansch approach. Two aryl rings of ISOIN14 overlap with
5-aryl ring and 3-trifluoromethyl group of pyrazole in SC-558,
respectively. Alicyclic ring fused with centre core of pyrrole
is so oriented that it is making perfect hydrophobic interaction
with Val®*® which is known to be important for selectivity
COX-2 [9]. This cavity marked by Val®** and Ser*>* residues
is completely filled by alicyclic ring of ISOIN14 and aromatic
ring containing sulfonamide of SC-558. These docking results
further substantiate our earlier results correlating Sxyf and
Sxzf to COX-2 inhibition. The information obtained in this
manner can be used in designing new ligand molecules for
better complementarity fit with COX-2.

4. Conclusions

In summary, from the derived QSAR model it can be
concluded that selective COX-2 inhibition by the 1,3-diaryl-
4,5,6,7-tetrahydro-2H-isoindole derivatives is strongly influ-
enced by the steric and electrostatic nature of substituents.
Pattern of substitution can be extracted from the developed
model. Consequently this study may prove to be helpful in
development and optimization of existing selective COX-2
inhibitors of this class of compounds.
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