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ABSTRACT 

QSAR study has been carried out on the MMP-13 inhibitory activity of 

fused pyrimidine derivatives possessing a non-carboxylate zinc-

binding function in 0D- to 2D-Dragon descriptors. The derived QSAR 

models have revealed that the information content indices of 1
st
 and 2

nd
 

order neighborhood symmetry (descriptors IC1 and IC2), Lovasz-

Pelikan index (descriptor LP1), maximal electrotopological positive 

variation (descriptor MAXDP) and molecular walk count of order 09 

(descriptor MWC09) played a pivotal role in rationalization of MMP-

13 inhibition activity of titled compounds. Atomic properties such as 

mass and atomic Sanderson electronegativity in terms of atomic 

properties weighted descriptors MATS2m, GATS3e, GATS4e, GATS7e and Me, certain 

atom centred fragments such as R-C(=X)-X/R-C#X/X-=C=X (descriptor C-040) and aliphatic 

hydroxylamine functionality (descriptor nNHOH) are also predominant to explain MMP-13 

inhibition actions of fused pyrimidines. 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 

Osteoarthritis (OA), a chronic disease and at the top of arthralgia for aged patients
[1-3]

, is 

characterized by articular cartilage destruction with aging and mechanical stress causes 

progressive degradation and a big health concern for aging population.
[4]

 Environmental 

factors and multiple genetic factors are also supposed to be associated in the progression of 

OA.
[5-8]

 It is the need of the hour to develop novel and safer disease modifying osteoarthritis 

drugs (DMOADs) which may reduce or reverse the cartilage destruction as there are limited 

existing OA treatments including symptomatic relief with NSAIDs, intra-articular injections 

of hyaluronic acid conjugates, or surgical joint replacement. Additionally, there is increased 

risk of cardiovascular side effects with the COX-2 inhibitors.
[9]

 There may be a role of a 

family of zinc-dependent, calcium-containing endopeptidases, matrix metalloproteinases 

(MMPs), in OA as MMP inhibitors showed ability to prevent the destruction of cartilage in 

preclinical testing.
[10]

 The dose-limiting toxicity such as skin rash and musculoskeletal side 

effects like joint stiffness, pain, inflammation, and tendinitis has stopped the progress of most 

clinical trials of broad spectrum MMP inhibitors. The postulate that these side effects are due 

to the inhibition of MMP-1, MMP-14, or sheddases such as TACE
[11-13]

 has increased interest 

in more selective MMP-13 inhibitors. MMP-13 (collagenase-3) cleaves type II collagen 

efficiently
[14,15]

 and has overexpression in OA cartilage
[14,16]

 rendered MMP-13 inhibition as 

one of the most potential approach to cure the degradation of cartilage in arthritis.
[17-32]

  

 

The highly selective non zinc binding MMP-13 inhibitors
[33-36]

 having a pyrimidin-4-one-2-

carboxamide core effectively bind to the primed regions (S1’) of the catalytic active site
[36,37]

 

and the fused pyrimidine carboxamides have successful application to other selective MMP-

13 inhibitors.
[38-40]

 The zinc binding group (ZBG), the side chains that may interact with 

amino acids around the catalytic zinc ion and the pocket-occupying functionality referred to 

as the P1’ group and that bound in the S1’ pocket
[41-47]

 are the major components of the MMP 

inhibitors. Most of the MMP inhibitors gain affinity by interaction with the catalytic zinc 

through a chelating moiety and by positioning hydrogen bonding groups near the catalytic 

zinc and this approach raises issue of selectivity as many of the important residues in the 

catalytic site are well-conserved among the MMP family whereas the conformational 

diversity is localized at the S1’ loop region forming the bottom half of the S1’ subsite. MMPs 

including MMP-2, MMP-3, MMP-8, MMP-9, MMP-12, MMP-13 and MMP-14 possess 

large S1’ pockets where more diverse large P1’ groups can be accommodated therefore 
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targeting the large S1’ loop region may be helpful in the identification of MMP-13-specific 

inhibitors.
[19-28,48-52] 

 

A drug used to treat OA has to reach the site of action through diffusion into the cartilage 

matrix. Efforts were made to incorporate non-carboxylate moieties or intra-articular 

therapy
[53]

 as the ionization of carboxylic acid at physiological pH may lead to poor 

penetration through the negatively charged cartilage matrix.
[54-56]

 A novel series of MMP-13 

inhibitors, possessing a non-carboxylate zinc-binding function attached to the pyrimidin-4-

one-2-carboxamide core has been synthesized by Nara et al.
[57]

 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 seventeen pyrimidin-4-one-2-carboxamide derivatives possessing a non-

carboxylate zinc-binding function are considered as the data set for present study.
[57]

 These 

derivatives were evaluated for their MMP-13 inhibitory activities and were reported as IC50. 

The reported MMP-13 activity on molar basis (as pIC50) along with the structures of these 

analogues is 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 fused 

pyrimidine derivatives. 

Cpd. Structure 

pIC50
a
 

Obsd.
b
 

Calculated 

Eq. (1) Eq. (2) PLS 

1 

HN

N

O

H
N

O
S

H
N

OO
HO

O

 

9.77 9.56 10.12 9.95 

2 

HN

N

O

H
N

O
S

H
N

OO
HOHN

O

 

11.46 11.21 10.72 10.95 
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3 
HN

N

O

H
N

O

O

S
N

OO

COOH

 

9.62 9.67 9.79 9.62 

4 
HN

N

O

H
N

O

O

S
N

OO

O NHOH

 

10.28 10.53 10.32 10.30 

5 

HN

N

O

H
N

O
S

OO

N
HO

O H

 

10.29 10.04 10.61 10.13 

6 

HN

N

O

H
N

O
S

OO

N
HO

O

 

9.52 9.51 9.18 9.55 

7 

HN

N

O

H
N

O
S

OO

N
HO

O NH2

 

9.82 9.75 10.35 10.14 

8
c
 

HN

N

O

H
N

OS
O

ONHN

N
H

O

 

10.15 9.78 10.14 9.75 

9 

HN

N

O

H
N

O

N

N

O
HN

NH

O

O  

9.72 9.34 9.42 9.67 

10
c
 

HN

N

O

H
N

O

N

N

O

H
N

HN N
O

 

9.96 9.66 9.96 9.65 

11 

HN

N

O

H
N

O

N

N

OHN NH
O

 

9.53 10.01 9.63 9.48 
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12 

HN

N

O

H
N

O

N

N

O
HN

N  

8.82 9.31 9.07 8.62 

13
c
 

HN

N

O

H
N

O

N

N

O

H
N

N
N N  

8.82 8.81 9.39 9.15 

14 

HN

N

O

H
N

O
O

O

HN

HN

O

O

O  

9.64 9.68 9.68 10.04 

15 
HN

N

O

H
N

O

O
Me

 

7.92 7.90 8.01 8.11 

16 
HN

N

O

H
N

O

O
Me

F

O

COOH

 

11.41 11.42 11.24 11.53 

17 
HN

N

O

H
N

O

OO

N
HN

N

 

9.23 9.09 8.90 8.93 

a
IC50 on molar basis; 

b
Taken from reference

[57]
; 

c
Compound included in test set. 

 

The structures of the all the compounds (listed in Table 1) were drawn in 2D ChemDraw
[58]

 

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 

0D- to 2D-molecular descriptors of titled compounds was computed using DRAGON 

software.
[59]

 This software offers a large number of descriptors corresponding to ten different 

classes of 0D- 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. 
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Table 2: Descriptor classes used for the modeling of MMP-13 inhibitory activity of 

fused pyrimidine derivatives. 

S. No. 
Descriptor Class 

(Acronyms)
a
 

Definition and Scope 

1 Constitutional (CONST) 
Dimensionless or 0D descriptors; independent from 

molecular connectivity and conformations 

2 Topological (TOPO) 
2D-descriptor from molecular graphs and independent 

conformations 

3 
Molecular walk counts 

(MWC) 

2D-descriptors representing self-returning walk counts 

of different lengths 

4 
Modified Burden 

eigenvalues (BCUT) 

2D-descriptors representing positive and negative 

eigenvalues of the adjacency matrix, weights of the 

diagonal elements and atoms 

5 
Galvez topological charge 

indices (GALVEZ) 

2D-descriptors representing the first 10 eigenvalues of 

corrected adjacency matrix 

6 
2D-autocorrelatons 

(2D-AUTO) 

Molecular descriptors calculated from the molecular 

graphs by summing the products of atom weights 

of the terminal atoms of all the paths of the considered 

path length (the lag) 

7 Functional groups (FUN) 
Molecular descriptors based on the counting of the 

chemical functional groups 

8 
Atom centered fragments 

(ACF) 

Molecular descriptors based on the counting of 120 

atom centered fragments, as defined by Ghose-Crippen 

9 Empirical (EMP) 

1D-descriptors represent the counts of nonsingle bonds, 

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 
a
Reference.

[59]
 

 

A total number of 509 descriptors, belonging to 0D- 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 509 to 

79 as relevant ones to explain the biological actions of titled compounds. 

 

2.2 Development and validation of model 

The combinatorial protocol in multiple linear regression (CP-MLR)
[60-64]

 and partial least 

squares (PLS)
[65-67] 

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 
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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.
[68,69]

 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
[70,71]

 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 Q
2

LOO (the cross-

validated index from leave-one-out procedure) have been obtained to access its overall 

statistical significance. In case of internal validation, Q
2

LOO is used as a criterion of both 

robustness and predictive ability of the model. A value greater than 0.5 of Q
2
 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
2

Test (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
[72,73]

, the Kubinyi function, FIT
[74,75]

 and the Friedman’s 

lack of fit, LOF
[76]

, 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 

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. 
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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.
[77]

 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 modeling study, 3 compounds have been 

included in the test set for the validation of the models derived from 14 training set 

compounds. A total number of 79 significant descriptors from 0D- to 2D- classes have been 

subjected to CP-MLR analysis with default “filters” set in it. Statistical models in one, two 

and three descriptors have been derived to achieve the best relationship correlating MMP-13 

inhibitory activity. No any one model in one and two descriptors having r
2

Test > 0.5, were 

obtained through CP-MLR. The analysis resulted 13 such three parameter models which have 

shared 19 descriptors among them. All these 19 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: Identified descriptors
a
 along with their class, physical meaning, average 

regression coefficient and incidence
b
. 

Descriptor class, average regression coefficient and (incidence) 

Constitutional 

descriptors 

(CONST): 

Me (mean atomic Sanderson electronegativity scaled on Carbon atom), 

2.301(1); Ms (mean electrotopological state), 1.405(2); nO (number of 

Oxygen atpms), 1.301(2) 

Topological 

descriptors 

(TOPO): 

MAXDP (maximal electrotopological positive variation), 2.434(2); IC1 

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

1.072(1); IC2 (information content index, neighborhood symmetry of 

2-order), 2.931(1); LP1 (Lovasz-Pelikan index (leading eigenvalue), 

1.881(8); 

Molecular Walk 

Counts (MWC): 
MWC09 (molecular walk count of order 09), 1.671(1) 

2D autocorrelations 

(2D-AUTO): 

MATS2m (Moran autocorrelation of lag-2/ weighted by atomic 

masses), 1.424(1); MATS8m (Moran autocorrelation of lag-8/ weighted 

by atomic masses), -2.500(1); GATS3e (Geary autocorrelation of lag-3/ 

weighted by atomic Sanderson electronegativity), -1.735(1); GATS4e 

(Geary autocorrelation of lag-4/ weighted by atomic Sanderson 

electronegativity), -1.450(1); GATS7e (Geary autocorrelation of lag-7/ 

weighted by atomic Sanderson electronegativity), -2.118(11) 

Atom centered 

fragments (ACF) 

C-040 (R-C(=X)-X/R-C#X/X-=C=X), 1.579(1); O-056 (alcohol ), 

0.670(1) 

Empirical (EMP) Hy (hydrophilic factor), 1.591(3) 

Functional groups 

(FUN) 

nNHOH (number of aliphatic hydroxylamines), 1.370(1); nSO2N 

(number of sufonamides), 0.755(1) 
a
The descriptors are identified from the three parameter models for activity emerged from 

CP-MLR protocol with filter-1 as 0.30, filter-2 as 2.0, filter-3 as 0.5 and filter-4 as 0.3 ≤ q
2
 

≤1.0 with a training set of 14 compounds. 
b
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.  

 

The representative highly significant models in three descriptors are presented below:  

pIC50 = 9.979 + 2.264(0.289)LP1 – 2.560(0.333)GATS3e + 1.370(0.229)nNHOH 

n = 14, r = 0.958, s = 0.296, F = 37.819, Q
2

LOO = 0.854, Q
2

L3O = 0.768 

r
2

Test = 0.797, FIT = 4.932, LOF = 0.192, AIC = 0.158       (1) 

pIC50 = 9.647 + 2.931(0.449)IC2 – 1.735(0.388)GATS3e – 1.450(0.348)GATS4e  

n = 14, r = 0.928, s = 0.386, F = 20.877, Q
2

LOO = 0.729, Q
2

L3O = 0.723 

r
2

Test = 0.708, FIT = 2.723, LOF = 0.326, AIC = 0.268  (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 
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observed activities. In above 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 descriptors LP1 and IC2 participated in above models are the topological descriptors 

representing Lovasz-Pelikan index (leading eigenvalue) and information content index of 2
nd 

order neighborhood symmetry, respectively. The positive influence of descriptors LP1 and 

IC2 on the activity suggested that higher values of descriptor LP1 and IC2 would be 

beneficiary to the activity. The descriptor GATS3e and GATS4e are 2D-autocorrelations. 

Both of these descriptors showed negative contribution to the activity. Thus, lower values of 

atomic Sanderson electronegativities weighted Geary autocorrelations of lag-3 and -4 would 

be favorable to the activity. Additionally, positive sign of functional group class descriptor 

nNHOH representing number of aliphatic hydroxylamines advocated that more number of 

aliphatic hydroxylamine functionality in a molecular structure would be supportive to 

elevated activity. 

 

These models have accounted for nearly 92% variance in the observed activities. The values 

greater than 0.5 of Q
2 

index is in accordance to a reasonable robust QSAR model. The pIC50 

values of training set compounds calculated using Eqs. (1) and (2) have been included in 

Table 1. The models (1) and (2) are validated with an external test set of 3 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
2
 (r

2
Test) 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 pIC50 values of training- and test-set 

compounds for MMP-13 inhibition. 

 

A partial least square (PLS) analysis has been carried out on these 19 CP-MLR identified 

descriptors (Table 3) to facilitate the development of a “single window” structure–activity 

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 19 descriptors and they explained 92.73% 

variance in the activity. The MLR-like PLS coefficients of these 19 descriptors are given in 

Table 4. 
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Table 4: PLS and MLR-like PLS models from the 19 descriptors of three parameter 

CP-MLR models for MMP-13 inhibitory activities. 

A: PLS equation 

PLS components  PLS coefficient (s.e.)
a
 

Component-1  0.356(0.031) 

Component-2  -0.177(0.043) 

Constant  9.787 

B: MLR-like PLS equation 

S. 

No. 
Descriptor 

MLR-like 

coefficient
b
 

(f.c.)
c
 Order  

S. 

No. 
Descriptor 

MLR-like 

coefficient
b
 

(f.c.)
c
 Order 

1 Me 0.149 0.073 4  11 MATS5e -0.050 
-

0.025 
16 

2 Ms 0.105 0.052 11  12 GATS3e -0.134 
-

0.066 
6 

3 nO 0.067 0.033 14  13 GATS4e -0.168 
-

0.083 
3 

4 MAXDP 0.202 0.100 1  14 GATS7e -0.174 
-

0.085 
2 

5 IC1 0.109 0.053 10  15 nNHOH 0.146 0.072 5 

6 IC2 0.095 0.047 13  16 nSO2N 0.040 0.020 18 

7 LP1 0.100 0.049 12  17 C-040 0.112 0.055 8 

8 MWC09 0.112 0.055 9  18 O-056 0.050 0.025 17 

9 MATS2m 0.127 0.063 7  19 Hy 0.065 0.032 15 

10 MATS8m -0.028 -0.014 19   Constant = 8.602 

C: PLS regression statistics  Values 

n  14 

r  0.963 

s  0.264 

F  72.229 

FIT  8.025 

LOF  0.107 

AIC  0.107 

Q
2

LOO  0.889 

Q
2

L3O  0.907 

r
2

Test  0.667 
a
Regression coefficient of PLS factor and its standard error. 

b
Coefficients of MLR-like PLS 

equation in terms of descriptors for their original values; 
c
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. 

 

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 19 CP-MLR identified descriptors (Table 3) associated with MMP-13 inhibitory 

activity of fused pyrimidine derivatives. 

 

The PLS analysis has suggested MAXDP as the most determining descriptor for modeling 

the activity of the compounds (descriptor S. No. 4 in Table 4; Figure 2). The other nine 

descriptors in decreasing order of significance are GATS7e, GATS4e, Me, nNHOH, 

GATS3e, MATS2m, C-040, MWC09 and IC1. Descriptor GATS3e, GATS4e and nNHOH 

are part of Eqs. (1) and (2) and convey same inference in the PLS model as well.  

 

It is inferred from the PLS analysis that a higher values of descriptors MAXDP (maximal 

electrotopological positive variation), Me (mean atomic Sanderson electronegativity scaled 

on Carbon atom), MATS2m (Moran autocorrelation of lag-2/ weighted by atomic masses), 

MWC09 (molecular walk count of order 09) and IC1 (information content index, 

neighborhood symmetry of 1-order) in addition to a lower value of descriptor GATS7e 

(Geary autocorrelation of lag-7/ weighted by atomic Sanderson electronegativity) and 

presence of R-C(=X)-X/R-C#X/X-=C=X type atom centred fragment (descriptor C-040) in a 

molecular structure would be advantageous to the activity. It is also observed that PLS model 

from the dataset devoid of CP-MLR identified 19 descriptors (Table 3) is inferior in 

explaining the activity of the analogues. 

 

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 5), 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 
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outliers (response outliers) was set as 2 times of 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 listed in Table 1 were found 

to have leverage (h) values greater than the threshold leverage (h*=0.706). 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 5: Models derived for the whole data set (n = 17) in descriptors identified through 

CP-MLR. 

Model r s F Q
2

LOO Eq. 

pIC50 = 10.057 + 2.236(0.270)LP1 – 2.656(0.304)GATS3e 

+ 1.316(0.216)nNHOH 
0.954 0.285 44.607 0.858 (1a) 

pIC50 = 9.572 + 3.032(0.422)IC2 – 1.770(0.362)GATS3e 

– 1.438(0.252)GATS4e 
0.922 0.370 24.723 0.738 (2a) 

 

  

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 (±2×standard 

deviation) and the vertical dotted line represents threshold leverage h* (= 0.706). 

 

CONCLUSIONS 

QSAR study has been carried out on the MMP-13 inhibitory activity of fused pyrimidine 

derivatives possessing a non-carboxylate zinc-binding function in 0D- to 2D-Dragon 

descriptors. The derived QSAR models have revealed that the information content indices of 

1
st
 and 2

nd
 order neighborhood symmetry (descriptors IC1 and IC2), Lovasz-Pelikan index 

(descriptor LP1), maximal electrotopological positive variation (descriptor MAXDP) and 

molecular walk count of order 09 (descriptor MWC09) played a pivotal role in rationalization 
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of MMP-13 inhibition activity of titled compounds. Atomic properties such as mass and 

atomic Sanderson electronegativity in terms of atomic properties weighted descriptors 

MATS2m, GATS3e, GATS4e, GATS7e and Me, certain atom centred fragments such as R-

C(=X)-X/R-C#X/X-=C=X (descriptor C-040) and aliphatic hydroxylamine functionality 

(descriptor nNHOH) are also predominant to explain MMP-13 inhibition actions of fused 

pyrimidines. 

 

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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