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structure-activity relationship (QSAR) models provided rationales to
explain the inhibition activity of these congeners. The descriptors

SOl al] identified through combinatorial protocol in multiple linear regression
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_ (CP-MLR) analysis have highlighted the role of positive and negative
Department of Chemistry,

Government College, Bundi- maximal electrotopological variations (MAXDP and MAXDN,
323 001. respectively), path/walk 2- and 4-Randic shape index (PW2 and PW4,
respectively), bond information content of neighborhood symmetry of
4-order (BIC4), Moran autocorrelations of lag-1 and -2/weighted by atomic van der Waals
volumes (MATS1v and MATS2v, respectively) and of lag-8/ weighted by atomic Sanderson
electronegativities (MATS8e). In addition to these 4™ order Galvez topological charge index
(GGI4), number of nitrogen atoms (nN), aromatic ethers functionality (hnRORPh) and R-
C(=X)-X/ R-C#X/X=C=X type structural fragments (C-040) have also shown prevalence to
model the inhibition actions. From statistically validated models, it appeared that the
descriptors MAXDP, BIC4, PW4, GGI4, nRORPh, MATS8e, MATS1v and C-040 make
positive contribution to activity and their higher values are conducive in improving the
MMP-13 inhibition activity of a compound. On the other hand, the descriptors nN, MAXDN,
PW2 and MATS2v render detrimental effect to activity. Therefore, lower values of
descriptors nN, MAXDN, PW2 and MATS2v would be advantageous. Such guidelines may

be helpful in exploring more potential analogues of the series. The statistics emerged from
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the test sets have validated the identified significant models. PLS analysis has further
confirmed the dominance of the CP-MLR identified descriptors. Applicability domain
analysis revealed that the suggested models have acceptable predictability. All the
compounds are within the applicability domain of the proposed models and were evaluated

correctly.

KEYWORDS: QSAR, MMP-13 inhibitors, Combinatorial protocol in multiple linear
regression (CP-MLR) analysis, Chemometric descriptors, Quinazoline-2-carboxamide

derivatives.

1. INTRODUCTION

The matrix metalloproteinases (MMPs) are involved in the progression of osteoarthritis (OA).
Progressive cartilage degradation causes pain and reduces mobility in affected joints of a
patient suffering from osteoarthritis. Nonsteroidal anti-inflammatory drugs (NSAIDs) or
selective cylooxygenase-2 (COX-2) inhibitors, intra-articular injections of hyaluronic acid
and surgical joint replacement are the current treatments which are limited to symptomatic
relief. Coxibs (COX-2 inhibitors) have been withdrawal from the market due to
cardiovascular side effects.™ Thus there is a demand of such disease-modifying osteoarthritis
drugs (DMOADSs) which may alter disease progression with minimal side effects.

A vital role of MMP-13 (collagenase-3) in the destruction of articular cartilage during the
advancement of OA has been suggested because it has shown a substrate specificity favoring
degradation of cartilage type 11 collagen®® which is the main structural component of the
cartilage matrix with expressions at higher levels by OA chondrocytes than by normal
chondrocytes.®*! MMP-13, the most efficient type Il collagen-degrading MMPP® has
become an attractive therapeutic target because its inhibition reduces cartilage degradation
associated with the progression of osteoarthritis in animal models.”® However, broad-
spectrum MMP inhibitors exhibit a dose-limiting toxicity leading to side effects such as skin
rash and painful joint stiffening (musculoskeletal syndrome, MSS) and inflammation.™**7 1t
was suggested that MSS is caused by the inhibition of normal extracellular matrix turnover
due to inhibition of other MMPs rather than MMP-13.% At present, it is unclear which
MMP isoforms may be involved®?? and to what extent they contribute to MSS. Thus,
selective inhibition of MMP-13, devoid of MSS, may prove to be better therapeutic research

area.
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Most of the MMP inhibitors are representative of zinc binding inhibitors possessing a motif

capable to achieve affinity through chelating the catalytic zinc ion®"?® and substituents

recognizing subsites of the target enzyme. Very few studies have been reported on the MMP-

13 selective inhibitors devoid of a zinc chelating group.”**? The designing of new MMP

inhibitors with different selectivity profiles is based on the observation that there is an

interaction which involves hydrogen bonding between the inhibitor and the main chain amino

acid residues flanking the catalytic site.

In view of this, a new series of potent and selective MMP-13 inhibitors involving unique

binding mode at the active site and not interacting with the catalytic zinc, have recently been

reported.®® The general structure of these analogues is shown in Figure 1 and structural

variations are given in Table 1.

MeO

Figure 1: General structure of quinazoline-2-carboxamide derivatives.

Table 1: Structural variations and MMP-13 inhibition activities of quinazoline-2-

carboxamides (See Figure 1 for general structure).

R;/ | Obs.® Obs.?
Cpd. R R Cpd. R R R/ R
P 5 °| Rs | pICs P ° ° "% | pICso
1 H H | HH| 7.92 19 o,\,O H HH | 7.47
H
2 F H | HH | 8.30 20 /v@ F H/H | 10.40
(@)
F
3 Me H | HH| 7.54 21 O/\/@ F HH | 9.82
NH;
4 OMe H | HH | 7.60 2 | LV F HH | 10.52
Q
COOH

5 CN H | HH | 8.07 23 OM@ F HH | 11.41
6 Ph H |HMH]| 8.66 24 H F HH | 7.96
7 OPh H[HH][ 9.28 25 H Me HH [ 759
8 o ph H|[HH][ 951 26 H CFs | HMH | 701
o o~P | H|HH]| 916 27 H OMe | H/H | 840
10 | o~"pn | H|HMH] 928 28 H OEt | HH | 862
11 [ o~OP [ H |HH]| 880 29 H OCF; | HH | 757
12° [ yn~P" | H |HH] 837 30° H OBn | H/H | 6.96
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13 | ~P" [H[HH] 801 31 H SMe | H/H | 874
14 | uc™~"" | H [HH| 854 32 H SO,Me | H/H | 7.64
15 | pcO~P | H|HH| 877 33 H Ph HH | 8.01
16 H?C,Rf'e\, Ph | H | H/H | 7.80 34 H CN | HH | 820
(@)
17 | AP | H | HH | 980 35 H H |OMeH | 591
H
18 | D | H|HH| o0 || 36 H H | HOMe | <5.00

%0n molar basis, ICsq represents the concentration of a compound to bring out 50% inhibition
of MMP-13, ref.l*]

These quinazoline-2-carboxamide compounds were obtained through optimization with the
aid of co-crystal structural information of the complex of lead compound with MMP-13.
These MMP-13 inhibitors are involved in interactions with both the distinct deep S1’ pocket

and the adjacent side pocket.

In the present communication a 2D-quantitative SAR (2D-QSAR) has been conducted to
provide the rationale for drug-design and to explore the possible mechanism of the action. In
the congeneric series, where a relative study is being carried out, the 2D-descriptors may play
important role in deriving the significant correlations with biological activities of the
compounds. The novelty and importance of a 2D-QSAR study is due to its simplicity for the
calculations of different descriptors and their interpretation (in physical sense) to explain the

inhibition actions of compounds at molecular level.

2. MATERIAL AND METHODS

2.1 Data-set

For present work the quinazoline-2-carboxamide derivatives (Table 1), along with their in
vitro inhibition activity of MMP-13, have been taken from the literature.®® The inhibition
activity, 1Csp, represents the concentration of a compound to achieve 50% inhibition of
MMP-13. The same is expressed as plCsy on a molar basis and considered as the dependent
variable for the present quantitative analysis. For modeling purpose, the complete data-set
was divided into training- and test-sets. The training-set was used to derive statistical
significant models while the test-set, consisting nearly 20% of total compounds, was
employed to validate such models. The selection of test-set compounds was made through
SYSTATEY using the single linkage hierarchical cluster procedure involving the Euclidean

distances of the inhibition activity, plCsy values. The test-set compounds were selected from
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the generated cluster tree in such a way to keep them at a maximum possible distance from
each other. In SYSTAT, by default, the normalized Euclidean distances are computed to join
the objects of cluster. The normalized distances are root mean-squared distances. The single
linkage uses distance between two closest members in clustering. It generates long clusters
and provides scope to choose objects at intervals. Due to this reason, a single linkage

clustering procedure was applied.

2.2 Molecular descriptors

The structures of the compounds (Table 1), under study, have been drawn in 2D
ChemDraw! and were converted into 3D objects using the default conversion procedure
implemented in the CS Chem3D Ultra. The generated 3D-structures of the compounds were
subjected to energy minimization in the MOPAC module, using the AM1 procedure for
closed shell systems, implemented in the CS Chem3D Ultra. This will ensure a well defined
conformer relationship across the compounds of the study. All these energy minimized
structures of respective compounds have been ported to DRAGON software®® for computing
the descriptors corresponding to 0D-, 1D-, and 2D-classes. The combinatorial protocol in
multiple linear regression (CP-MLR)®" analysis and partial least-squares (PLS)FE8
procedures have been used in the present work for developing QSAR models. A brief

description of the computational procedure is given below.

2.3 Model development

The CP-MLR is a ‘filter’-based variable selection procedure for model development in
QSAR studies. Its procedural aspects and implementation are discussed in some of our
publications.l**®! The thrust of this procedure is in its embedded four ‘filters’. They are
briefly as follows: filter-1 seeds the variables by way of limiting inter-parameter correlations
to predefined level (upper limit < 0.79); filter-2 controls the variables entry to a regression
equation through t-values of coefficients (threshold value > 2.0); filter-3 provides
comparability of equations with different number of variables in terms of square root of
adjusted multiple correlation coefficient of regression equation, r-bar; filter-4 estimates the
consistency of the equation in terms of cross-validated r? or g with leave-one-out (LOO)
cross-validation as default option (threshold value 0.3 < ¢® < 1.0). All these filters make the
variable selection process efficient and lead to a unique solution. In order to collect the
descriptors with higher information content and explanatory power, the threshold of filter-3

was successively incremented with increasing number of descriptors (per equation) by
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considering the r-bar value of the preceding optimum model as the new threshold for next
generation. Furthermore, in order to discover any chance correlations associated with the
models recognized in CP-MLR, each cross-validated model has been put to a randomization
testl*’*® by repeated randomization of the activity to ascertain the chance correlations, if any,
associated with them. For this, every model has been subjected to 100 simulation runs with
scrambled activity. The scrambled activity models with regression statistics better than or
equal to that of the original activity model have been counted, to express the percent chance

correlation of the model under scrutiny.

To support the findings, a partial least squares (PLS) analysis has been carried out on
descriptors identified through CP-MLR. The study facilitates the development of a ‘single
window’ structure-activity model and help to categorize the potentiality of identified
descriptors in explaining the MMP-13 inhibition activity profiles of the compounds. It also
gives an opportunity to make a comparison of the relative significance among the descriptors.
The fraction contributions obtainable from the normalized regression coefficients of the

descriptors allow this comparison within the modeled activity.

2.4 Applicability Domain

The utility of a QSAR model is based on its accurate prediction ability for new compounds.
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 is assessed by
the leverage values for each compound.’**¥ The Williams plot (the plot of standardized
residuals versus leverage values, h) can then be used for an immediate and simple graphical
detection of both the response outliers (Y outliers) and structurally influential chemicals (X
outliers) in the model. In this plot, the applicability domain is established inside a squared
area within + x (s.d.) and a leverage threshold h”. The threshold h” 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. Prediction must be considered unreliable for compounds with a high
leverage value (h > h"). 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.
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3. RESULTS AND DISCUSSION

3.1 QSAR results

For the compounds in Table 1, a total number of 471 descriptors belonging to 0D- to 2D-
classes of DRAGON have been computed and were subjected to CP-MLR analysis. The
preliminary assessment of complete data-set suggested that the lone compound 30, having a
OBn group at Rg remained as an ‘outlier’. Similarly compound 36, due to its uncertain
activity value, could not fit into the trend of remaining compounds of the series. Both these
compounds were, therefore, ignored in the subsequent analyses. The remaining 34
compounds were further divided into training-set and test-set. Seven compounds (nearly 20%
of total population) have been selected for test-set through SYSTAT. The identified test-set
was then used for external validation of models derived from remaining twenty seven
compounds in the training-set. The squared correlation coefficient between the observed and
predicted values of compounds from test-set, r’res, Was calculated to explain the fraction of
explained variance in the test-set which is not part of regression/model derivation. It is a
measure of goodness of the derived model equation. A high r’re; value is always good. But
considering the stringency of test-set procedures, often r’res values in the range of 0.5 to 0.6
are regarded as logical models. Following the strategy to explore only predictive models, CP-
MLR resulted into 02 models in two descriptors, 10 models in three and four descriptors each
and 05 models in five descriptors. However, the highest significants of them, in statistical
sense, are given through Equations (1)-(11):

pICso=7.545 + 3.060(0.440)MAXDP — 1.389(0.480)nNR2

n=27,r=0.825,s=0.646, F = 25.709, *.0o = 0.619, g% 50 = 0.595, r’res; = 0.825 (1)

pICso = 5.778 + 3.186(0.584)MATS1v + 1.990(0.337)nRORPh
n=27,r=0.791,s=0.699, F = 20.180, g’ 0o = 0.508, g% 50 = 0.532, r’1es; = 0.786 (2)

pICso = 7.069 + 3.173(0.413)MAXDP + 1.065(0.487)MATS8e — 1.401(0.447)nNR2
n=27 r=0.858,s=0.600, F = 21.437, g’.00 = 0.644, ¢°Ls0 = 0.635, r*res = 0.803 (3)

pICso = 6.428 + 1.796(0.553)PW4 + 3.591(0.608)GG14 — 1.588(0.461)MATS2v
n=27,r=0.857,s=0.601, F = 21.291, g% 00 = 0.599, ¢’s0 = 0.600, r*rest = 0.663 (4)

pICso = 5.393 + 1.385(0.516)MAXDP + 2.352(0.590)MATS1v + 1.438(0.451)MATS8e +
1.545(0.370)nRORPh
n=27,r=0.892, s=0.538, F = 21.610, °.00 = 0.690, g% 50 = 0.632, r’res= 0.705 (5)
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pICso = 4.260 + 1.165(0.473)BIC4 + 3.163(0.470)MATS1v + 1.430(0.460)MATS8e +
2.367(0.280)nRORPh
n=27,r=0.888,s=0.549, F = 20.547, °.oo = 0.647, §°.s0 = 0.675, r’res= 0.641 (6)

pICsy = 4.722 + 1.336(0.454)MAXDP + 1.118(0.408)BIC4 + 2.194(0.521)MATS1v
1.364(0.397)MATS8e + 1.704(0.330)nRORPh
n=27,r=00922 s=0473, F =23.892, q°.oo = 0.704, q°.50 = 0.703, r’res = 0.681 (7)

+

pICsy = 3.535 + 1.009(0.377)PW4 + 1.207(0.419)BIC4 + 2.992(0.420)MATS1lv +
1.707(0.420)MATS8e + 2.310(0.249)nRORPh
n=27,r=0917,s=0.485, F =22.454, q* 00 = 0.713, q°.50 = 0.692, r’rest = 0.581 (8)

pICsy = 3.890 + 1.636(0.501)PW4 + 1.192(0.455)BIC4 + 2.228(0.676)GGI4 +
1.979(0.525)MATS1v + 1.392(0.339)nRORPh
n=27,r=0.902,s=0.527, F = 18.425, °.00 = 0.654, g% 50 = 0.567, r’1est = 0.638 (9)

pICsy = 5.076 -1.484(0.471)MAXDN + 1.365(0.464)BIC4 + 1.948(0.640)GGI4 +
2.064(0.523)MATS1v + 1.542(0.325)nRORPh
n=27,r=0.899,s=0.533, F =17.880, g% 0o = 0.660, q° 50 = 0.647, r*rest = 0.833 (10)

pICs = 8563 — 1.139(0.370)nN — 1.826(0.521)PW2 + 2.947(0.582)GGl4 —
1.412(0.429)MATS2v + 1.187(0.466)C-040
n=27,r=0.897,s=0.540, F = 17.371, g°.oo = 0.669, g% 50 = 0.647, r’res= 0.558 (11)

where n and F represent respectively the number of data points and the F-ratio between the
variances of calculated and observed activities. The data within the parentheses are the
standard errors associated with regression coefficients. In all above equations, the F-values
remained significant at 99% level. The indices g% .00 and g%s0 (> 0.5) have accounted for
their internal robustness. For all above models the r’res values, obtained greater than 0.5,
specified that the selected test-set is fully accountable for their external validation. The
descriptors, in all above models, have been scaled between the intervals 0 to 1°Y to ensure
that a descriptor will not dominate simply because it has larger or smaller pre-scaled value
compared to the other descriptors. In this way, the scaled descriptors would have equal
potential to influence the QSAR models.
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The signs of the regression coefficients have indicated the direction of influence of
explanatory variables in above 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.

Though Equations (1)-(11) emerged as significant predictive models but Equations (7)-(11)
remained statistically more efficient. The later five models, involving five descriptors in each,
could estimate up to 85.04 percent of variance in observed activity of the compounds. In fact,
a total number of five such models, sharing 12 descriptors among them, have been obtained
through CP-MLR and all of them have been documented through Equation (7)-(11). The
shared 12 descriptors along with their brief description, average regression coefficients and

total incidences are given in Table 2.

Table 2: Identified descriptors® along with their physical meaning, average regression

coefficient and incidence®, in modeling the MMP-13 inhibition activity.

Average
S. . . . . regression
No. Descriptor | Descriptor class Physical meaning coefficient
(incidence)
1 |nN Constitutional Number of nitrogens -1.139(1)
2 | MAXDN | Topological Maximal electrotopological -1.484(1)
negative variation
3 | MAXDP Topological Ma_xn_nal electrotopological positive 1.336(1)
variation
4 | PW2 Topological Path/walk 2-Randic shape index -1.826(1)
5 | PW4 Topological Path/walk 4-Randic shape index 1.323(2)
. Bond information content of
6 | BIC4 Topological neighborhood symmetry of 4-order 1.220(4)
7 | GGl4 Galvez _top_ologlcal Topological charge index of order 4 2.374(3)
charge indices
Moran autocorrelation of lag-1/
8 | MATS1v | 2D autocorrelations weighted by atomic van der Waals 2.307(4)
volumes
Moran autocorrelation of lag-2/
9 | MATS2v | 2D autocorrelations weighted by atomic van der Waals -1.412(1)
volumes
Moran autocorrelation of lag-8/
10 | MATS8e | 2D autocorrelations weighted by atomic Sanderson 1.406(2)
electronegativities
11 | nRORPh Functional Number of ethers (aromatic) 1.737(4)
12 | C-040 ftom'ce”tered R-C(=X)-X/ R-CH#X/X-=C=X 1.187(1)
ragments
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®The descriptors are identified from the five parameter models, emerged from CP-MLR
protocol with filter-1 as 0.79, filter-2 as 2.0, filter-3 as 0.871, and filter-4 as 0.3 < ¢° <1.0
with a training set of 27 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.

Besides listed descriptors in Table 2, the other identified descriptor nNR2 is from functional
groups class and corresponds to number of tertiary aliphatic amines (Equation 1). The further
discussion is, however, based on the highest significant Equations (7)-(11). The derived
statistical parameters of these five models have shown that these models are significant.
These models were, therefore, used to calculate the activity profiles of all the compounds and
are included in Table 3 for the sake of comparison with observed ones. A close agreement

between them has been observed.

Table 3: Observed and calculated MMP-13 inhibition activity of quinazoline-2-

carboxamide compounds.

ICs0(M)°
Cpd. Obsd.” Calc. Calc. Calc. Calc. Calc. Calc.
' Eq. (7) Eq. (8) Eq. (9) Eq. (10) Eq.(11) PLS
1 7.92 7.85 8.18 7.59 7.75 7.53 7.83
2 8.30 8.05 8.10 8.33 7.96 7.59 8.19
3 7.54 7.08 7.39 7.96 7.64 7.04 7.21
4° 7.60 7.28 7.97 8.28 7.54 7.49 7.68
5¢ 8.07 8.19 9.00 8.94 8.20 8.17 8.35
6° 8.66 8.44 8.91 9.52 8.64 8.89 8.86
7 9.28 8.76 9.19 9.24 8.94 9.12 8.92
8 9.51 9.01 9.29 9.29 9.27 8.91 8.83
9° 9.16 9.39 9.68 9.12 9.20 8.88 9.05
10 9.28 9.18 9.39 9.33 9.40 9.34 9.07
11 8.80 8.44 8.27 8.45 8.64 9.11 8.79
12° 8.37 8.63 8.59 8.56 8.55 7.83 7.80
13 8.01 8.85 8.86 8.62 8.61 8.88 8.79
14 8.54 8.56 8.46 8.48 8.46 8.96 8.69
15 8.77 8.06 7.81 7.72 7.66 8.50 8.56
16 7.80 7.60 7.18 7.91 7.58 7.48 7.57
17° 9.80 8.62 8.66 9.36 9.10 9.59 8.87
18 9.00 8.89 9.09 8.63 8.66 9.08 8.86
19 1.47 8.10 7.92 7.95 7.98 7.58 7.75
20 | 10.40 10.38 10.08 10.19 10.00 9.86 10.35
21 9.82 10.26 9.74 10.32 10.36 10.11 10.33
22° | 10.52 11.40 11.24 11.28 11.38 8.82 9.54
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23 11.41 11.46 11.14 11.22 11.32 11.20 11.34
24 7.96 8.60 8.98 8.17 8.42 8.14 8.69
25 7.59 7.70 7.81 7.80 8.04 7.59 7.76
26 7.01 7.49 6.95 7.28 7.11 7.51 7.02
27 8.40 7.95 8.31 7.37 7.49 7.74 8.07
28 8.62 8.37 8.73 8.55 8.66 8.66 8.67
29 1.57 8.01 7.67 7.92 7.58 7.86 7.53
3Od _d _d _d _d _d _d _d
31 8.74 8.32 8.58 8.29 8.47 8.14 8.28
32 7.64 7.71 7.15 7.14 7.48 7.52 7.36
33 8.01 8.16 8.34 8.46 8.40 8.41 8.18
34 8.20 8.01 8.22 8.29 8.45 8.41 8.03
35 591 6.66 6.65 7.00 7.17 7.25 6.82
366 _e _e _e _e _e _e _e

0On molar basis; "Taken from reference [33]; “Compounds in test set; “Outlier compound not

considered in study; “Compound with uncertain activity not part of data set.

Additionally, the graphical display, showing the variation of observed versus calculated

activities is given in Figure 2 to ensure the goodness of fit for each of these five models.
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Figure 2. Plot of observed versus caculated plCsy values for training- and test-set

compounds.

The descriptors MAXDP, MAXDN, PW2, PW4 and BIC4 participated in these models are
topological class descriptors. These descriptors represent, respectively, maximal
electrotopological positive variation, maximal electrotopological negative variation,
path/walk 2-Randic shape index, path/walk 4-Randic shape index and bond information
content of neighborhood symmetry of 4-order. The positive sign of regression coefficient of
descriptors MAXDP, PW4 and BIC4 suggest that a higher value of these descriptors is
beneficiary to the MMP-13 inhibition activity whereas a lower value of descriptors MAXDN
and PW2 will augment the inhibition activity.

The descriptors MATS1v (Moran autocorrelation of lag-1/weighted by atomic van der Waals
volumes), MATS2v (Moran autocorrelation of lag-2/weighted by atomic van der Waals
volumes) and MATS8e (Moran autocorrelation of lag-8/weighted by atomic Sanderson
electronegativities) are 2D autocorrelation descriptors. It is evinced from the models
mentioned above the descriptors MATS1v and MATS8e contributed positively and descriptor
MATS2v negatively to the activity. Thus a higher value of descriptors MATS1v and
MATS8e and a lower value of descriptor MATS2v will be supportive to enhance the
inhibition activity.

From Equations (7)-(11), it appeared that the descriptors nRORPh, a functional group
accounting descriptor representing number of aromatic ethers functionality in a structure;
GGl4, Galvez topological charge index of order 4 and atom centered fragment accounting
descriptor C-040 showing R-C(=X)-X/ R-C#X/X-=C=X type fragments in a molecular
structure make positive contribution to activity and nN, number of nitrogen atoms present in

molecular constitution shown negative correlation to the activity. In this way presence of
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aromatic ethers functionality, R-C(=X)-X/ R-C#X/X=C=X type fragments in a molecular
structure along with Galvez topological charge index of order 4 and absence of nitrogen
atoms in a compound would be advantageous in improving the MMP-13 inhibition activity of

a compound.

To corroborate the study further, a PLS analysis has also been carried out on 12 descriptors

identified through CP-MLR and results are given in Table 4. For this purpose, the descriptors

have been autoscaled (zero mean and unit s.d.) to give each one of them equal weight in the

analysis. In the PLS cross-validation, three components have been found to be the optimum

for these 12 descriptors and they explained 88.2% variance in the activity (r* = 0.882). The

MLR-like PLS coefficients of these 12 descriptors are given in Table 4.

Table 4: PLS and MLR-like PLS models from the descriptors of five parameter CP-
MLR models for MMP-13 inhibition activity.

WWW.Wjpr.net

A: PLS equation
PLS components PLS coefficient (s.e.)?
Component-1 -0.619 (0.049)
Component-2 -0.162 (0.048)
Component-3 0.170 (0.073)
Constant 8.425
B: MLR-like PLS equation
S. No. Descriptor MLR-like coefficient (f.c.)° | Order
1 nN 3 -0.271(-0.117) 3
2 MAXDN 12 -0.099(-0.042) 12
3 MAXDP 1 0.278(0.120) 1
4 PW2 10 -0.104(-0.045) 10
5 PW4 9 0.135(0.058) 9
6 BIC4 8 0.157(0.068) 8
7 GGl4 2 0.276(0.119) 2
8 MATS1v 11 0.102(0.044) 11
9 MATS2v 6 -0.207(-0.089) 6
10 MATSS8e 5 0.238(0.103) 5
11 nRORPhH 4 0.261(0.113) 4
12 C-0407 0.178(0.077) 7
Constant 6.383
C: PLS regression statistics Values
n 27
r 0.939
S 0.402
F 57.249
9°Loo 0.842
0’50 0.831
I Test 0.703
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®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.

The calculated activity values of training- and test-set compounds are in close agreement to
that of the observed ones and are listed in Table 2. For the sake of comparison, the plot
between observed and calculated activities (through PLS analysis) for the training- and test-
set compounds is given in Figure 2. Figure 3 shows a plot of the fraction contribution of

normalized regression coefficients of these descriptors to the activity (Table 4).
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Figure 3: Plot of fraction contribution of MLR-like PLS coefficients (normalized)

against 12 identified descriptors (Table 4) associated with MMP-13 inhibition activity of

the compounds.

The PLS analysis in 12 identified descriptors revealed three components (Table 4) as
optimum to explain the MMP-13 inhibition activity. The decreasing order of significance of
all the participated descriptors is MAXDP, GGI4, nN, nRORPh, MATS8e, MATS2v, C-040,
BIC4, PW4, PW2, MATS1v, MAXDN (Table 4, figure 3). All the descriptors are part of
Equations discussed above and convey same inferences in PLS analysis. It is also observed
that PLS model from the dataset devoid of 12 descriptors (Table 4) remained inferior in

explaining the activity of the analogues.
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3.2 Applicability domain

On analyzing the applicability domain (AD) in the Williams plot (Figure 3) of the model
based on the whole data set (Table 5), no any compound has been 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 3x(standard deviation) units.
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Figure 4. Williams plot for the training-set and test- set for inhibition activity of MMP-
13 for the compounds in Table 1. The horizontal dotted line refers to the residual limit

(x3xstandard deviation) and the vertical dotted line represents threshold leverage h* (=
0.529).
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Table 5: Models derived for the whole data set (n = 34) for the MMP-13 inhibition
activity in descriptors identified through CP-MLR.

Model r S F | qg°%o00]| Eq.
pICso = 5.141 + 1.385(0.460)MAXDP +
1.020(0.402)BIC4 + 1.946(0.488)MATS1y + 0.907 | 0.493 | 26.279 | 0.705 | (7a)

1.101(0.395)MATS8e + 1.456(0.311)nRORPh
pICso = 3.988 + 0.736(0.331)PW4 +
1.164(0.429)BIC4 + 2.900(0.367)MATSL1v + 0.895 | 0.523 | 22.736 | 0.689 | (8a)
1.352(0.430)MATS8e + 2.145(0.230)nRORPh
pICso = 4.241 + 1.114(0.379)PW4 +
1.295(0.429)BIC4 + 1.793(0.580)GGI4 + 0.894 | 0.525 | 22.488 | 0.676 | (9a)
2.030(0.438)MATS1v + 1.480(0.281)nRORPh
pICso=5.278 — 1.511(0.438)MAXDN +
1.337(0.412)BIC4 + 1.919(0.558)GGI4 + 0.903 | 0.503 | 24.999 | 0.713 | (10a)
1.867(0.432)MATSL1v + 1.396(0.274)nRORPh
pICso = 8.419 — 0.678(0.266)NN —
1.825(0.495)PW?2 + 3.475(0.496)GG14 — 0.891 | 0.533 | 21.722 | 0.673 | 11(a)
1.512(0.360)MATS2v + 0.760(0.333)C-040

One of the compound (27; Table 1) was found to have leverage (h) values greater than the
threshold leverage (h*); suggesting it as chemically influential compound. 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.

4. CONCLUSION

The MMP-13 inhibition activity of quinazoline-2-carboxamide compounds has been
quantitatively analyzed in terms of chemometric descriptors. The statistically validated
quantitative structure-activity relationship (QSAR) models provided rationales to explain the
inhibition activity of these congeners. The descriptors identified through combinatorial
protocol in multiple linear regression (CP-MLR) analysis have highlighted the role of
maximal electrotopological positive and negative variations (MAXDP and MAXDN,
respectively), path/walk 2- and 4-Randic shape index (PW2 and PW4, respectively), bond
information content of neighborhood symmetry of 4-order (BIC4), Moran autocorrelations of
lag-1 and -2/weighted by atomic van der Waals volumes (MATS1lv and MATS2v,
respectively) and of lag-8/ weighted by atomic Sanderson electronegativities (MATS8e). In
addition to these 4™ order Galvez topological charge index (GG14), number of nitrogen atoms
(nN), aromatic ethers functionality (nRORPh) and R-C(=X)-X/ R-C#X/X=C=X type

structural fragments (C-040) have also shown prevalence to model the inhibitory activity.

www.wipr.net | Vol 9, Issue 15,2020. |  1SO 9001:2015 Certified Journal | 993



Sharma et al. World Journal of Pharmaceutical Research

From statistically validated models, it appeared that the descriptors MAXDP, BIC4, PW4,
GGl4, nRORPh, MATS8e, MATS1v and C-040 make positive contribution to activity and
their higher values are conducive in improving the MMP-13 inhibition activity of a
compound. On the other hand, the descriptors nN, MAXDN, PW2 and MATS2v render
detrimental effect to activity. Therefore, lower values of descriptors MAXDN, PW2 and
MATS2v and the absence of nitrogen atoms in molecular structure (nN) would be
advantageous. Such guidelines may be helpful in exploring more potential analogues of the
series. The statistics emerged from the test sets have validated the identified significant
models. PLS analysis has further confirmed the dominance of the CP-MLR identified
descriptors. Applicability domain analysis revealed that the suggested models have
acceptable predictability. All the compounds are within the applicability domain of the

proposed models and were evaluated correctly.
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