WORLD JOURNAL OF PHARMACEUTICAL RESEARCH

SJIF Impact Factor 8.084
Volume 10, Issue 7, 967-985. Research Article ISSN 2277- 7105

CP-MLR/PLS DERIVED QSAR RATIONALES FOR THE MMP-13
INHIBITORY ACTIVITY OF THE INDOLE DERIVATIVES

Jahan Afsar', Sharma Brij Kishore'* and Sharma Vishnu Dutt?

'Department of Chemistry, Government College, Bundi-323 001 (Rajasthan), India.
Department of Shalya Tantra, Dr. SR Rajasthan Ayurved University Jodhpur-342 037
(Rajasthan), India.

ABSTRACT
Article Received on ] o o
01 May 2021, QSAR study has been carried out on the MMP-13 inhibitory activity of
Revised on 21 May 2021, indole derivatives in OD- to 2D-Dragon descriptors. The derived

Accepted on 11 June 2021

DOI: 10.20050/wjpr20217-20799 QSAR models have revealed that the information content index of 2"

order neighborhood symmetry (descriptor IC2) and average valence
connectivity index chi-2 (descriptor X2A) in addition to molecular
*Corresponding Author

L weight (descriptor MW), number of rotatable bonds (descriptor RBN),
Sharma Brij Kishore

Department of Chemistry, number of Oxygen atoms (descriptor nO) and aromatic ester
Government College, Bundi- functionality (descriptor nCOORPh) played a pivotal role in
323 001 (Rajasthan), India. rationalization of MMP-13 inhibition activity of titled compounds.
Atomic mass and polarizability weighted descriptors (MATS5m,
BELmM4 and GATS1p) and certain structural fragments such as H attached to CO(sp3) with
1X attached to next C (descriptor H-052) and CH3R/CH4 (descriptor C-001) are also
predominant to explain MMP-13 inhibition actions of indole derivatives. PLS analysis has
also corroborated the dominance of CP-MLR identified descriptors. Applicability domain
analysis revealed that the suggested model matches the high quality parameters with good
fitting power and the capability of assessing external data and all of the compounds was

within the applicability domain of the proposed model and were evaluated correctly.
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1. INTRODUCTION
Matrix metalloproteinases (MMPSs) which are involved in the cleavage of collagen, gelatin,

and other proteins in the extracellular matrix are zinc- and calcium- dependent peptidases.
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The implications of MMPs in a wide range of disorders ranging from oncology to infectious
diseases led to a number of pan-MMP inhibitors.® MMPs are grouped into subtypes based
upon their substrates. The broad spectrum MMP inhibitors have primarily shown side effects
such as muscular skeletal syndrome (MSS) and that is characterized by painful stiffening of
the joints. It is thought that MSS occurs by inhibition of intrinsic cellular matrix degradation
due to inhibition of MMPs other than MMP-13.1*"! Being the most efficient enzyme MMP-13
in degrading collagen it has implications in the development of osteoarthritis and rheumatoid
arthritis.”®! Thus, selective inhibition of MMP-13 has become an attractive target for small
molecule intervention. Although there is difference in subunits of each class of MMPs but the

catalytic domains share the canonical zinc-binding amino acid sequence HExxHxxGxxH.E!

The potency gained by direct interaction with the zinc residue of classical broad spectrum
inhibitors inevitably made designing selectivity into these inhibitors challenging.’>*"! The
MMPs differ specifically in the S1’ pocket in a profound manner outside the active sitel*
which provides an opportunity to gain selectivity. A large S1' pocket possessed by MMP-13
upon appropriately occupied by a ligand opens up a side pocket (S1'*) that is not observed in
many other MMPs.*®! The structural significance of this pocket resulted in non zinc
interacting potent selective MMP-13 inhibitors. The common binding motifs shared by these
inhibitors are an aromatic group m-stacks against histidine 222, direct or water-mediated
hydrogen bonds are made with residues (threonine 245, threonine 247, and methionine 253)
in the selectivity loop, and an aromatic group is located in the hydrophobic portion of the
S1* pocket formed by residues phenylalanine 217 and leucine 218. Few examples of
selective inhibitors have been cited in literature.'*** As an attempt to discover high ligand
efficiency leads, based on a virtual screening and fragment-based approach, with the aim of
evolving selective inhibitors using structure-guided methods to harmonize chemistry strategy
a new series of indole-based derivatives have been reported by Taylor et. al.”” The aim of
present communication is to establish the quantitative relationships between the reported

activities and molecular descriptors unfolding the substitutional changes in titled compounds.

2. MATERIALS AND METHODS

2.1 Biological actions and theoretical molecular descriptors

The reported twenty indole derivatives are considered as the data set for present study.!*”!
These derivatives were evaluated for their inhibitory activities and were reported as ICsy. The

reported activity on molar basis (as plCsp) along with the structures of these analogues is
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shown in Table 1. The data set was sub-divided into training set to develop models and test

set to validate the models externally. The test set compounds which were selected using an

in-house written randomization program, are also mentioned in Table 1.

Table 1: Structures, observed and calculated MMP-13 inhibitory activities of indole

derivatives.
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%|Cso on molar basis; "taken from reference,! “Compound included in test set.

The structures of the all the compounds (listed in Table 1) were drawn in 2D ChemDraw!?!!
and subjected to energy minimization in the MOPAC using the AM1 procedure for closed
shell system after converting these into 3D modules. The energy minimization was carried
out to attain a well defined conformer relationship among the congeners under study. The
OD- to 2D-molecular descriptors of titled compounds was computed using DRAGON

software.™ This software offers a large number of descriptors corresponding to ten different
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classes of OD- to 2D-descriptor modules. The different descriptor classes include the
constitutional, topological, molecular walk counts, BCUT descriptors, Galvez topological
charge indices, 2D-autocorrelations, functional groups, atom-centered fragments, empirical
descriptors and the properties describing descriptors. These descriptors offer characteristic

structural information specific to the descriptor class. The definition and scope of these

descriptor’s classes is given in Table 2.

Table 2: Descriptor classes used for the modeling of MMP-13 inhibitory activity of

indole derivatives.

Descriptor Class N
S. no. (Acronyms)’ Definition and Scope
1 Constitutional (CONST) Dimensionless or. QD descriptors; |_ndependent from
molecular connectivity and conformations
2 Topological (TOPO) 2D-descr|ptor from molecular graphs and independent
conformations
3 Molecular walk counts | 2D-descriptors representing self-returning walk counts
(MWC) of different lengths
Modified Burden 2_D-descr|ptors representing  positive and negative
4 . eigenvalues of the adjacency matrix, weights of the
eigenvalues (BCUT) :
diagonal elements and atoms
5 Galvez topological charge | 2D-descriptors representing the first 10 eigenvalues of
indices (GALVEZ) corrected adjacency matrix
Molecular descriptors calculated from the molecular
5 2D-autocorrelatons graphs by summing the products of atom weights
(2D-AUTO) of the terminal atoms of all the paths of the considered
path length (the lag)
7 Functional groups (FUN) Mole_cular des_crlptors based on the counting of the
chemical functional groups
8 Atom centered fragments | Molecular descriptors based on the counting of 120
(ACF) atom centered fragments, as defined by Ghose-Crippen
1D-descriptors represent the counts of nonsingle bonds,
9 Empirical (EMP) hydrophilic groups and ratio of the number of aromatic
bonds and total bonds in an H-depleted molecule
10 Properties (PROP) 1D-descriptors representing molecular properties of a
molecule
*Reference!®

A total number of 473 descriptors, belonging to OD- to 2D- modules, have been computed to
obtain most appropriate models describing the biological activity. Prior to model
development procedure, all those descriptors that are inter-correlated beyond 0.90 and
showing a correlation of less than 0.1 with the biological endpoints (descriptor versus
activity, r < 0.1) were excluded. This procedure has reduced the total descriptors from 473 to

74 as relevant ones to explain the biological actions of titled compounds.
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2.2 Development and validation of model
The combinatorial protocol in multiple linear regression (CP-MLR)??7 and partial least

squares (PLS)830

procedures were used in the present work for developing QSAR models.
The CP-MLR is a “filter”-based variable selection procedure, which employs a combinatorial
strategy with MLR to result in selected subset regressions for the extraction of diverse
structure—activity models, each having unique combination of descriptors from the generated
dataset of the compounds under study. The embedded filters make the variable selection
process efficient and lead to unique solution. Fear of “chance correlations” exists where large
descriptor pools are used in multilinear QSAR/QSPR studies.***? In view of this, to find out
any chance correlations associated with the models recognized in CP-MLR, each cross-
validated model has been subjected to randomization test*** by repeated randomization
(100 simulation runs) of the biological responses. The datasets with randomized response
vector have been reassessed by multiple regression analysis. The resulting regression
equations, if any, with correlation coefficients better than or equal to the one corresponding to
unscrambled response data were counted. This has been used as a measure to express the

percent chance correlation of the model under scrutiny.

Validation of the derived model is necessary to test its prediction and generalization within
the study domain. For each model, derived by involving n data points, a number of statistical
parameters such as r (the multiple correlation coefficient), s (the standard deviation), F (the F
ratio between the variances of calculated and observed activities), and QzLoo (the cross-
validated index from leave-one-out procedure) have been obtained to access its overall
statistical significance. In case of internal validation, Q% oo is used as a criterion of both
robustness and predictive ability of the model. A value greater than 0.5 of Q% index suggests a
statistically significant model. The predictive power of derived model is based on test set
compounds. The model obtained from training set has a reliable predictive power if the value
of the r’res (the squared correlation coefficient between the observed and predicted values of
compounds from test set) is greater than 0.5. Additional statistical parameters such as, the
Akaike’s information criterion, AIC,2%%® the Kubinyi function, FITE"38 and the Friedman’s
lack of fit, LOF,™*! have also been calculated to further validate the derived models. The AIC
takes into account the statistical goodness of fit and the number of parameters that have to be
estimated to achieve that degree of fit. The FIT, closely related to the F-value, proved to be a
useful parameter for assessing the quality of the models. A model which is derived in k

independent descriptors, its F-value will be more sensitive if k is small while it becomes less
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sensitive if k is large. The FIT, on the other hand, will be less sensitive if k is small whereas it
becomes more sensitive if k is large. The model that produces the lowest AIC value and
highest FIT value is considered potentially the most useful and the best. The LOF factor takes
into account the number of terms used in the equation and is not biased, as are other

indicators, toward large number of parameters.

2.3 Applicability domain

The usefulness of a model is based on its accurate prediction ability for new congeners. A
model is valid only within its training domain and new compounds must be assessed as
belonging to the domain before the model is applied. The applicability domain (AD) is
evaluated by the leverage values for each compound.* A Williams plot (the plot of
standardized residuals versus leverage values (h)) is constructed, which can be used for a
simple graphical detection of both the response outliers (Y outliers) and structurally
influential chemicals (X outliers) in the model. In this plot, the AD is established inside a
squared area within £x standard deviations and a leverage threshold h*, which is generally
fixed at 3(k + 1)/n (n is the number of training set compounds and k is the number of model
parameters), whereas x = 2 or 3. If the compounds have a high leverage value (h > h*), then
the prediction is not trustworthy. On the other hand, when the leverage value of a compound
is lower than the threshold value, the probability of accordance between predicted and

observed values is as high as that for the training set compounds.

3. RESULTS AND DISCUSSION

3.1 QSAR results

In multi-descriptor class environment, exploring for best model equation(s) along the
descriptor class provides an opportunity to unravel the phenomenon under investigation. In
other words, the concepts embedded in the descriptor classes relate the biological actions
revealed by the compounds. For the purpose of modelling study, 5 compounds have been
included in the test set for the validation of the models derived from 15 training set
compounds. A total number of 74 significant descriptors from 0D- to 2D- classes have been
subjected to CP-MLR analysis with default “filters” set in it. Statistical models in one and
two descriptors have been derived to achieve the best relationship correlating MMP-13
inhibitory activity. A total number of two models in one descriptor, having r’rest > 0.5, were

obtained through CP-MLR. The models in one descriptor are given below.
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pICso = 3.537 + 5.267(0.795) RBN
n=15,r=0.878,s=0.912, F = 43.803, Q.00 = 0.697, Q% 50 = 0.745
rrest = 0.545, FIT = 2.737, LOF = 0.960, AIC = 1.088 (1)

pICso = 2.026 + 5.637(1.109) IC2
n=15,r=0.815,s=1.103, F = 25.810, Q% oo = 0.506, Q.50 = 0.596
rrest = 0.598, FIT = 1.613, LOF = 1.406, AIC = 1.593 (2)

Where n, r, s and F represent respectively the number of data points, the multiple correlation
coefficient, the standard deviation and the F-ratio between the variances of calculated and
observed activities. In above and all follow-up regression equations, the values given in the
parentheses are the standard errors of the regression coefficients. The signs of the regression
coefficients suggest the direction of influence of explanatory variables in the models. The
positive regression coefficient associated to a descriptor will augment the activity profile of a
compound while the negative coefficient will cause detrimental effect to it. In the
randomization study (100 simulations per model), none of the identified models has shown

any chance correlation.

The descriptor RBN participated in above models is from the CONST class and the other one
IC2 is the topological class descriptor. Both the descriptors have shown positive influence on
the activity as evident from the signs of regression coefficients. Thus a higher value of
descriptor RBN (number of rotatable bonds) and 1C2 (information content index of 2" order

neighborhood symmetry) would be beneficiary to the activity.

The one descriptor models could estimate nearly 77% in observed activity of the compounds.
Considering the number of observation in the dataset, models with up to two descriptors were
explored. It has resulted in 16 two-parameter models with test set r* > 0.50. These models
(with 74 descriptors) were identified in CP-MLR by successively incrementing the filter-3
with increasing number of descriptors (per equation). For this, the optimum r-bar value of the
preceding level model (=0.868) has been used as the new threshold of filter-3 for the next
generation. These models have shared 17 descriptors among them. All these 17 descriptors
along with their brief meaning, average regression coefficients, and total incidence are listed

in Table 3, which will serve as a measure of their estimate across these models.
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Table 3: ldentified descriptors® along with their class, physical meaning, average

regression coefficient and incidence®.

Descriptor class, average regression coefficient and (incidence)

Constitutional descriptors

MW (molecular weight), 4.423(6); RBN (number of
rotatable bonds), 4.497(4); nO (number of Oxygen atoms),

(CONST): 2.038(1)
SPI (superpendentic index), 2.374(1); X2A (average valence
connectivity, index chi-2), -2.046(1); Lop (Lopping centric
index) 2.166(1); 1C2 (information content index,
Topological descriptors | neighborhood symmetry of 2-order), 4.556(7); SIC2
(TOPO): (structural information content index, neighborhood
symmetry of  2-order), -2.764(1); CIC3 CIC3

(complementary information content index, neighborhood
symmetry of 3-order), 3.287(1)

Modified Burden Eigen values
(BCUT):

BELmM4 (lowest eigenvalue n.4 of Burden matrix/weighted
by atomic masses), 2.116(2)

2D autocorrelations
(2D-AUTO):

MATS5m (Moran autocorrelation of lag-5/ weighted by
atomic masses), -2.622(1); MATS1e (Moran autocorrelation
of lag-1/ weighted by atomic Sanderson electronegativities),
1.863(1); MATS6e (Moran autocorrelation of lag-6/
weighted by atomic Sanderson electronegativities), -
2.723(1); GATS1p (Geary autocorrelation of lag-1/
weighted by atomic polarizabilities), 1.946(1)

Functional group counts
(FUNC):

nCOORPhH (number of aromatic esters), 1.697(1)

Atom-centered fragments
(ACF):

C-001 (CH3R/CH4), 1.859(1); H-052 (H attached to
CO(sp3) with 1X attached to next C), 1.574(1)

The descriptors are identified from the two parameter models for activity emerged from CP-
MLR protocol with filter-1 as 0.79, filter-2 as 2.0, filter-3 as 0.868 and filter-4 as 0.3 < g?

<1.0 with a training set of 15 compounds. "The average regression coefficient of the

descriptor corresponding to all models and the total number of its incidence. The arithmetic

sign of the coefficient represents the actual sign of the regression coefficient in the models.

Following are the selected two-descriptor models for the MMP-13 inhibitory activities of

indole derivatives emerged through CP-MLR.

pICso = 4.285 +5.312(0.660)RBN — 2.046(0.779)X2A
n=15,r=0.924,s=0.756, F = 35.266, Q% 00 = 0.791, Q% 50 = 0.744

Irest = 0.604, FIT = 3.712, LOF = 0.852, AIC = 0.859

©)

pICso = 2.298 + 4.173(0.531) MW +1.574(0.577) H-052
n=15,r=0.923,s=0.763, F = 34.549, Q% oo = 0.602, Q% 50 = 0.644

r’rest = 0.630, FIT = 3.636, LOF = 0.867, AIC = 0.874
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pICso = 2.558 +3.619(0.973) RBN +2.664(1.122) IC2
n=15,r=0.918,s=0.783, F = 32.539, Q.00 = 0.760, Q% 50 = 0.723
rrest = 0.635, FIT = 3.425, LOF = 0.912, AIC = 0.920 (5)

pICso = 4.484 +4.850(0.616) MW -2.622(1.066) MATS5m
n=15r=0.916,s=0.792, F = 31.658, Q% oo = 0.653, Q.50 = 0.582
rrest = 0.627, FIT = 3.332, LOF = 0.934, AIC = 0.941 (6)

These models have accounted for nearly 85% variance in the observed activities. In the
randomization study (100 simulations per model), none of the identified models has shown
any chance correlation. The values greater than 0.5 of Q? index is in accordance to a
reasonable robust QSAR model. The plCs, values of training set compounds calculated using
Eqgs. (3) to (6) have been included in Table 1. The models (3) to (6) are validated with an
external test set of 5 compounds listed in Table 1. The predictions of the test set compounds
based on external validation are found to be satisfactory as reflected in the test set r? (rZTest)
values and the same is reported in Table 1. The plot showing goodness of fit between

observed and calculated activities for the training and test set compounds is given in Figure 1.
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Figure 1. Plot of observed and calculated plCs, values of training- and test-set
compounds for MMP-13 inhibition.

The newly appeared descriptors in above models are X2A (topological class), MW
(constitutional class), H-052 (atom-centered fragments class) and MATS5m (2D
autocorrelations). Descriptors MW and H-052 have shown positive and descriptors MATS5m
and X2A negative correlation to the activity. The signs of regression coefficients advocated
that higher values of molecular weight (descriptor MW) and presence of H attached to
CO(sp3) with 1X attached to next C type structural fragments in a molecular structure would
be incremental to the activity. On the other hand a higher value of average valence
connectivity index chi-2 (descriptor X2A) and Moran autocorrelation of lag-5/ weighted by

atomic masses (descriptor MATS5m) would be deleterious to the activity.

A partial least square (PLS) analysis has been carried out on these 17 CP-MLR identified

descriptors (Table 3) to facilitate the development of a “single window” structure—activity
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model. For the purpose of PLS, the descriptors have been autoscaled (zero mean and unit SD)

to give each one of them equal weight in the analysis. In the PLS cross-validation, two

components are found to be the optimum for these 17 descriptors and they explained 94.09%
variance in the activity (r = 0.970, Q% 0o = 0.904, s = 0.479, F = 96.842, r’re = 0.661). The
MLR-like PLS coefficients of these 17 descriptors are given in Table 5.

Table 5: PLS and MLR-like PLS models from the 17 descriptors of two parameter CP-
MLR models for MMP-13 inhibitory activities.

A: PLS equation

PLS components

PLS coefficient (s.e.)?

Component-1 -0.675(0.051)
Component-2 0.376(0.083)
Constant 5.192
B: MLR-like PLS equation
MLR- MLR-
r?b Descriptor C(i:al;?ic (f.c.) | Order nso Descriptor ch)IeI;?ic (f.c.) | Order
ient” ient”
1 MW 0.775 | 0.105 3 10 BELmM4 0.666 | 0.077 7
2 RBN 1,191 | 0.128 2 11 | MATS5m | -0.023 | -0.002 16
3 nO 0.619 | 0.089 5 12 | MATSle | 0.247 | 0.022 13
4 SPI 0.837 | 0.102 4 13 | MATS6e | -0.284 | -0.026 12
5 X2A -0.004 | 0.000 17 14 | GATS1lp | 0.556 | 0.049 10
6 Lop -0.040 | -0.004 | 15 15 | nCOORPh | 0.536 | 0.053 9
7 IC2 1.596 | 0.149 1 16 C-001 0.597 | 0.054 8
8 SIC2 0.412 | 0.038 11 17 H-052 0.660 | 0.082 6
9 CIC3 -0.245 | -0.019 14 Constant = 1.408
C: PLS regression statistics Values
n 15
r 0.970
S 0.479
F 96.842
FIT 10.193
LOF 0.342
AIC 0.344
Q%00 0.904
Q%50 0.896
I Test 0.661

*Regression coefficient of PLS factor and its standard error. °Coefficients of MLR-like PLS

equation in terms of descriptors for their original values; °f.c. is fraction contribution of

regression coefficient, computed from the normalized regression coefficients obtained from

the autoscaled (zero mean and unit s.d.) data.
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For the sake of comparison, the plot showing goodness of fit between observed and
calculated activities (through PLS analysis) for the training and test set compounds is also
given in Figure 1. Figure 2 shows a plot of the fraction contribution of normalized regression

coefficients of these descriptors to the activity.
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Figure 2: Plot of fraction contribution of MLR-like PLS coefficients (normalized)
against 17 CP-MLR identified descriptors (Table 3) associated with MMP-13 inhibitory

activity of indole derivatives.

The PLS analysis has suggested IC2 as the most determining descriptor for modeling the
activity of the compounds (descriptor S. No. 7 in Table 5; Figure 2). The other nine
significant descriptors in decreasing order of significance are RBN, MW, SPI, nO, H-052,
BELm4, C-001, nCOORPh and GATS1p. Descriptors IC2, RBN, MW and H-052 are part of
Egs. (1) to (6) and convey same inference in the PLS model as well. It is inferred from the
PLS analysis that a higher values of topological descriptor SPI (superpendentic index),
constitutional descriptor nO (number of Oxygen atoms), modified Burden eigenvalue class
descriptor BELmM4 (lowest eigenvalue n.4 of Burden matrix/weighted by atomic masses) and
2D autocorrelation descriptors GATS1p (Geary autocorrelation of lag-1/ weighted by atomic
polarizabilities) in addition to presence of structural fragment CH3R/CH4 (descriptor C-001)
and aromatic ester functionality (descriptor nCOORPh) would be advantageous to the
activity. It is also observed that PLS model from the dataset devoid of CP-MLR identified 17

descriptors (Table 3) is inferior in explaining the activity of the analogues.
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3.2 Applicability domain (AD)

On analyzing the model AD in the Williams plot, shown in Figure 3, of the model based on
the whole dataset (Table 6), it has appeared that none of the compound was identified as an
obvious outlier for the MMP-13 inhibitory activity if the limit of normal values for the Y
outliers (response outliers) was set as 2.5 (standard deviation) units. An outlier to a QSAR is
identified normally by having a large standard residual activity and can indicate the limits of
applicability of QSAR models. None of the compounds found to have leverage (h) values
greater than the threshold leverage (h*=0.45). For both the training-set and test-set, the
suggested model matches the high quality parameters with good fitting power and the
capability of assessing external data. Furthermore, all of the compounds were within the

applicability domain of the proposed model and were evaluated correctly.

Table 6: Models derived for the whole data set (n = 20) in descriptors identified through
CP-MLR.

Model r S F | Q%00 Eq.
pICso = 4.292 +4.931(0.576)RBN — 2.036(0.726)X2A | 0.906 | 0.771 | 39.130 | 0.759 | (3a)
pIC5o:2.275+4.008(O(.)4£‘:)825)MW +1598(0.488)H- | 1 904 | 0,780 | 38.100 | 0.711 (4a)
pIC5o:2.552+3.227(0685521)MW +2.800(1.077)H- | 1 901 | 0.789 | 37.053 | 0.740 (52)
pICso = 4.482 +4.800(0.577)MW -
2.718(0.900)MATS5m 0.905 | 0.803 | 35.424 | 0.723 | (6a)
ATraining set; OTest set ATraining set; OTest set
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Figure 3: Williams plot for the training-set and test- set compounds for MMP-13
inhibitory activity. The horizontal dotted line refers to the residual limit (x2.5xstandard

deviation) and the vertical dotted line represents threshold leverage h* (= 0.45).

CONCLUSIONS

QSAR study has been carried out on the MMP-13 inhibitory activity of indole derivatives in
0D- to 2D-Dragon descriptors. The derived QSAR models have revealed that the information
content index of 2" order neighborhood symmetry (descriptor 1C2) and average valence
connectivity index chi-2 (descriptor X2A) in addition to molecular weight (descriptor MW),
number of rotatable bonds (descriptor RBN), number of Oxygen atoms (descriptor nO) and
aromatic ester functionality (descriptor nCOORPh) played a pivotal role in rationalization of
MMP-13 inhibition activity of titled compounds. Atomic mass and polarizability weighted
descriptors (MATS5m, BELm4 and GATS1p) and certain structural fragments such as H
attached to CO(sp3) with 1X attached to next C (descriptor H-052) and CH3R/CH4
(descriptor C-001) are also predominant to explain MMP-13 inhibition actions of indole
derivatives. PLS analysis has also corroborated the dominance of CP-MLR identified
descriptors. Applicability domain analysis revealed that the suggested model matches the
high quality parameters with good fitting power and the capability of assessing external data
and all of the compounds was within the applicability domain of the proposed model and

were evaluated correctly.
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