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Abstract—3D-QSAR studies using MFA and RSA methods were performed on a series of 39 MMP-13 inhibitors. Model developed
by MFA method has a r2, (cross-validated) of 0.616 while its r? (conventional) value is 0.822. For the RSA model r2, and r? are
0.681 and 0.847, respectively. Both the models indicate good internal as well as external predictive abilities. These models provide
crucial information about the field descriptors for the design of potential inhibitors of MMP-13.

© 2002 Elsevier Science Ltd. All rights reserved.

The matrix metalloproteinases (MMPs) are a well-stud-
ied family of endoproteinases responsible for degrada-
tion of the structural extra cellular matrix (ECM)
components, such as interstitial and basement mem-
brane collagens, fibronectin and laminin.!-> This family
of enzymes includes collagenases, gelatinases and stro-
melysins. MMPs are necessary for tissue remodeling
and the healing cascade.>* However, the over expres-
sion of MMP activity or the presence of MMP activity
in healthy and uninjured areas can contribute to the
pathophysiology in a variety of disease states and con-
ditions. MMP activity directed at healthy skin may be
implicated in the development of psoriasis.> These
enzymes are apparently involved in the connective tissue
degradation and are necessary for the tumor metastasis
and angiogenesis. They may also play a more compli-
cated role in the regulation and growth of tumors and
the development of metastatic diseases.®8

In addition to tissue destruction and remodeling, MMPs
are known to be essential for the growth of new blood
vessels. Consequently, MMP inhibitors (MMPIs) are
under investigation for their utility in slowing or halting
the progression of tumor growth and metastasis. These
compounds are actively being studied by numerous
groups as potentially useful new medicines.” In this
present study, quantitative structure activity relation-
ship studies were carried out on a series of Collagenase-
3 inhibitors, in order to design selective and potential
inhibitors for Collagenase-3.°

*Corresponding author. E-mail: sarma@ gvkbio.com

3D-QSAR Studies

QSAR models were developed using Molecular Field
Analysis (MFA) and Receptor Surface Analysis (RSA)
methodologies using Cerius? software on a series of
39 MMP-13 inhibitors. These molecules were divided into
two sets, namely the training containing 33 randomly
selected molecules and a test set with six other molecules.

Molecular Structure Generation

All the molecules were modeled using a number of
modules in Cerius?.!® Initial conformation is obtained
to be consistent with that of similar ligand in 1CAQ
from the PDB. Geometric optimizations were carried
out using the Drieding force field while the partial atomic
charges were obtained with charge equilibration method.
All the molecules were initially minimized with smart
minimizer and further geometric optimizations were
performed using MOPAC with the AM1 method.'!!?
Nearly for all the molecules, the final geometry especially
the central portion wherein there is maximum con-
formational flexibility is nearly similar to that of found
for the bioactive conformation observed in 1CAQ.pdb.

Alignment

Initially, all the molecules were manually aligned to the
most active molecule, 4 (Table 1) by considering the sig-
nificant common substructure. Further refinement in the
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alignment was carried out by an RMS based automated
approach using the molecular shape analysis (MSA) of
the QSAR module.' A stereo view of the aligned
molecules are observed in Figure 1.

MFA

Molecular field values were generated for all the aligned
molecules using CH; and H* probes for steric and
electrostatic interactions respectively using default grid
values of 2 A. Only 10% of the total variables, whose
variance is highest, were considered as independent
variables. The negative logarithm of the biological
activities of all 33 molecules in the training set were
chosen as the dependent variables (Tables 1 and 2). By
using genetic function algorithm (GFA) regression
method (only linear terms are considered),'® multiple
QSAR equations were generated from which one the
equation with highest 2 and 2, F-test values and low-

cv?

est PRESS value was considered for further discussion.
The rectangular box giving the extent of fields con-
sidered are given in Figure 1.

RSA

The aligned molecular aggregate was reconsidered for
the generation of receptor surface, which in principle
represent a virtual active site of the target.'*!> The
receptor surface was generated with weights based on
the biological activity data. The interaction energies of
all the molecules were evaluated within this receptor
surface. The receptor surface descriptors, expressed as
3p-field descriptors, were derived from the van der
Waals and electrostatic interaction energies between the
receptor surface and CHs and H™ groups as probes.
Figure 2 is a stereo view of the receptor surface also
showing the molecules in the training set. These
descriptors were used as independent variables for the

Table 1. MMP-13 inhibitors with observed and calculated biological activities possessing the following basic structure

-3 Aregion

HO
R3™W .,/ """~~~ :
—:—» B region
R2 !
\\ ------- a4
Compd R, R, R; Activity (—log ICs)
Observed Calculated
MFA RSA
1 ~O-nBu H H -3.310 —-3.372 —3.473
2 —-OPh H H —3.330 —3.546 —-3.271
3 —Ph(4-F) H H —2.360 —2.096 —1.788
4 ~Ph(4-OMe) H H —1.320 —1.632 —2.041
5 —Ph(4-OMe) meta-N(CH,CH,)-,0O H —1.380 —1.549 —1.530
6 —Ph(4-OMe) para-N(CH,CH,)-,0 H —2.430 —2.305 —-1.977
9 —Ph(4-SMe) H —-OMe —1.520 —1.534 —1.668
10 —Ph(4-OMe) H —OBn —1.150 —1.767 —1.774
12 —Ph-O-Ph H H -3.330 —3.261 —3.266
13 —Ph(3,4-OCH,0-) H H -2.020 —1.831 —1.588
14 Biphenyl H H —-1.770 —2.819 —2.181
15 = ph H H —1.950 —1.741 —1.790
17 —N=N-Ph H H —2.690 —2.343 —2.837
18 ~NHCOP(4-Cl) H H —2.100 —1.769 —1.831
0
° 05—’ |
NH S
19 Ho {j\a —1.520 —1.730 —1.426
A o~
o, 938 TN
NH P
20 Ho o —2.160 —1.932 —2.273
A
Test set
7 —Ph(4-SMe) H H —1.200 —1.491 —1.587
8 ~Ph(4-OMe) H -OMe -1.910 —1.741 —1.784
11 —Ph(4-O(CH,),OMe) H H —1.690 —0.720 —0.982
16 = pp(4-OMe) H H —1.540 -0.016 —0.928
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Table 2. MMP-13 inhibitors with observed and calculated activities with the general structure shown below
"""""""" —v—>': A region
R1!
_é—’ B region
Compd R! R? Activity (-log ICsp)
Observed Calculated
MFA RSA
21 —Ph(4-OMe) -Ph —1.340 —1.591 —1.134
23 —Ph(4-Br) —OMe —2.160 —2.867 —2.329
24 ~NHCOPHh(4-OMe) -OMe —2.680 —-1.972 —2.571
26 —~NHCON(CH,), —-OMe —4.230 —3.935 —4.047
27 —Ph(4-OMe) —CH,OCH,CH,0CHj; —1.940 —1.835 —1.949
28 —~Ph(4-Br) ~O-Ph —2.400 —2.561 —2.155
29 ~NHCOPh(4-OMe) —O-Ph —2.350 —2.187 —2.247
30 —~NHCOPh(4-Br) —O-Ph —2.180 -2.219 —2.407
31 —Ph ~N(CH,)4 —3.480 —2.983 —3.057
32 —Ph(4-OMe) ~N(CH,)4 —3.220 —3.335 —3.266
33 ~Ph -N(CH,CH,),0 —2.940 —2.772 —3.092
34 —Ph(4-OMe) -N(CH,CH;),0 —.2.680 —2.675 —-2.932
35 —Ph(4-SMe) —N(CH,CH;),0 —2.010 —2.528 —2.694
36 ==— Ph(4-OMe) ~N(CH,CH,),0 —2.060 -2.321 —2.043
37 —Ph(4-OMe) ~N(CH,CH,),N-Ph —2.880 —2.589 —2.992
38 —Ph(4-OMe) —N(CH,CH,),N-Boc —3.230 —3.606 —-2.976
39 —Ph(4-OMe) —N(CH,CH,),N-SO,Me —3.440 —3.213 —3.004
Test set

22 —Ph(4-OMe) —-OMe —1.880 —2.580 —-2.132
25 ~NHCOPh(4-Br) -OMe —2.430 —2.459 —2.571

generation of QSAR equations while dependent vari-
ables is similar to those defined in the MFA model.
Regression analysis was carried out using GFA method
where genetic operations have been performed over
20,000 generations. Explicit inclusion of constant, lin-
ear, spline, quadratic, offset quadratic and quadratic
spline terms of independent variables gave a good set of
QSAR equations with no fixed length and involve no
further scaling terms. From the multiple QSAR equa-
tions generated, one equation with highest * and r2,
and F-test values and lowest PRESS value was con-
sidered for further discussion.

Figure 1. Stereoview of rectangular molecular field surrounding
aligned molecules. Some of the field descriptors, which are involved in
the QSAR eq 1, are indicated.

Results and Discussion
MFA

The regression analysis on training set molecules
produced a QSAR model and is shown in eq. 1:

Activity = — 3.8264 — 0.0332 x H/1279 — 0.0525
« CH;/404 + 0.0546 « CH1 /1138
—0.0275 « H™/1307 + 0.0268 x H/532
+0.0651 % H*/714 (1)

[0.206]

08 [54.808)

Figure 2. Stereoview of the receptor surface which represents the
vitural active site. Some of the RSA descriptors that constitute the
QSAR eq 2 are labelled.
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n=33r"=0.822,r2 =0.616, F = 19.98, PRESS

=6.993

Reasonably good values of r> and low Predicted Resi-
dual Error of Sum of Squares (PRESS) for the above
QSAR equation explains satisfactorily the variances in
the activity and good r2, and F values would indicate
that the equation can be used to predict activities of new
molecules with reasonable accuracy. Eq 1 consists of six
molecular field descriptors (from top to the bottom)
namely, CH3/1138, H* /1279 and 1307 in the A region;
CH3/404, H" /532 and 714 in the B region. The positive
coefficient of CHj3/1138 descriptor indicate bulky sub-
stituents like bulky meta substituent phenyl rings
attached to propargyl group expected to be more
favourable for improving the activity. Further, the
interior position of the 1138 grid point would indicate,
further enhancement of the activity with bulky group
substitution in vicinity of that region. Electrostatic
interactions at the grid points H* /1279 and 1307 indi-
cate that the biological activity can be enhanced with
negative charge in the central portion of region A. Per-
haps, this would indicate that oxygen substitution in the
form of morpholine, OMe and other ether groups con-
tribute to such an effect. Electrostatic interactions in the
grid points of 532 and 714 in the B region indicate elec-
tropositive substitutions are important to enhance the
activity, while bulky group substitution near this region
(indicated by the grid point 404) has a negative effect on
the activity. Many anisole, thioanisole, biphenyl and
other substitutions explain such features. However,
extending the substitution by three rings, meta- or para-
lengthy substitutions have negative effect on the activ-
ity. The predictive ability of this MFA model was eval-
uated by predicting the biological activities of the test
set molecules. The predicted and actual activities of the
training set and test set molecules are given in Tables 1
and 2. Figure 1 is the sterco view of the molecules in the
training set with a rectangular field grid. Only those
field points involved in the QSAR equation are shown
in Figure 1.

RSA

The QSAR model generated by using RSA is repre-
sented as eq 2:

Activity = —8.6292 4 13.7223 x« ELE4400 + 1079.4
* VDW/5505 + 14.1436VDW /5957
+ 15.2277 « ELE2250 — 10.5360
* ELE3193 — 3.9100 «x VDW /4887

— 1074.5700 + VDW/5513 ©)

n=2331"=0.847,r% = 0.681, F= 19.80, PRESS

>hev

= 5.800

The above equation explains 84.70% of variances in the
activity. Although r? and F values are nearly compar-
able with those of MFA model, the lower PRESS value
as well as improved cross-validated 2 value in this case,
indicate a better predictivity compared to MFA model.
From eq 1, the positive coefficient of VDW/5957
descriptor in the B region explains that a linear bulky
group at R1 position improves the activity. This is clear
from the activities of the different compounds. The
compounds with the linear substitutions, are shown to
be oriented towards VDW/5957 and have better activ-
ities when compared to the non-linear groups. N and O
atoms, present in the middle of the bulky group in
molecules for example 2 and 26, cause a orientation
change and reduce the activity. The descriptor ELE/
2250 explains the requirement of more electropositive
groups at interior portion of A region, that is at the
meta position of phenyl ring attached to the propargyl
group. This is clearly observed in the activities of com-
pounds 5 and 6. ELE/3193 explains the improvement in
activity by putting more electronegative groups at the
exterior of the A region about the phenyl ring. The
descriptor ELE/4400 explains the possibilities of
improving the activity with some electropositive sub-
stituents over an aromatic ring attached to —SO, at B
region. Predictive ability of this model was evaluated by
predicting the biological activities of the test set mole-
cules and the actual, predicted activities are given in
Tables 1 and 2. The violet and green colors in Figure 2
indicate the favorable and unfavorable interactions
respectively, between the molecules and the receptor
surface while the grey region indicate the subtle varia-
tion in the energy between receptor surface and the
molecules under consideration and could suggest a
greater flexibility in the conformational as well as sub-
stitutional implications.

Conclusion

The RSA model has shown to predict better when
compared with MFA. Even though models infer similar
information about the substitutional requirements for
the better activities, in general the RSA model agree
well with the experimental results in the test set as well
as in the training set. The middle portion of the aligned
molecules is conserved which is responsible for their
binding with Zn atom in matrix metallo proteins
(MMP) where as flexibility is allowed in A and B
regions for better activity.
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