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activity relationship (QSAR) models provided rationales to explain the
inhibition activities of these congeners. The descriptors identified
*Corresponding Author through combinatorial protocol in multiple linear regression (CP-
Sharma Brij Kishore MLR) analysis for the CDK2 inhibitory activity have highlighted the
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role of E-state topological parameter (TIE), path/walk 4-Randic shape

Government College, Bundi-
323 001 (Rajasthan), India. index (PW4), atomic masses weighted Moran autocorrelation of lag 6
(MATS6m) and fragment based polar surface area (PSA). Atom
centered fragments, R--CH--X (C-027) and RCO-N</>N-X=X (N-072) have also shown
prevalence to model the CDK2 inhibitory activity. The statistics emerged from the test sets
have validated the identified significant models. 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. For the CDKZ1 inhibitory
activity, a higher value of descriptors MATS7m (atomic masses weighted Moran
autocorrelations of lag 7), SPI (superpendentic index), MSD (Balaban mean square distance
index) and MLOGP (Moriguchi octanol-water partition coefficient, logP) will be helpful to
augment the activity. On the other hand lower values of descriptors nO (number of oxygen
atoms), MATS8v (atomic van der Waals volumes weighted Moran autocorrelations of lag 8),
TIE (E-state topological parameter) and JGI4 (mean topological charge index of order 4)

advocates that a lower value of these will be beneficial for the activity.
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1. INTRODUCTION

Noteworthy roles in cell proliferation, apoptosis and transcription are played by cyclin
dependent kinases (CDKs).'! CDKs are serine/threonine protein kinases. Based on the
biological function the 20 known CDKs in human cells may be divided into two subfamilies
such as cell cycle-related family (e.g. CDK1-6) and transcription-related family (e.g. CDK7-
13).1] The regulation of kinase activity of CDKs is due to its cyclin regulatory partners and
inhibitory proteins (CKIs).

In regulation of cell cycle progression CDK2 plays a critical role. The initiation of S phase of
cell cycle is because of the involvement of CDK2-cyclin E in late G1 to make the full
phosphorylation of retinoblastoma (Rb), whereas the S/G2 transition is facilitated by CDK2-
cyclin A. Moreover, significant role in adaptive immune response, apoptosis, cell
differentiation and normal DNA repair is also played by CDK2.®! The loss of proliferation
control leading to cancer is accountable to CDK2 and its regulatory proteins.”* In metastasis
of prostate cancer CDK2 is involved critically.'” The inhibition of CDK2 might curb
proliferation of ovarian cancer cells with amplified CCNE1 expression,™ induce apoptosis
of MYCN-amplified neuroblastoma cells*? and cause the death of BRCAZL-deficient
cancers.!) The CDK2 inhibitors in combination with phosphatidylinositol-3-kinase (PI3K)
inhibitors induced cell death in colorectal cancer whereas the dual inhibition of CDK2 and
bromodomain-containing protein 4 (BRD4) caused apoptosis in MYC-amplified
medulloblastoma cells.***! The acquired resistance of CDK4/6 inhibitors may be reversed
by inhibition of CDK2.™ Thus, in cancer therapy, CDK2 is a promising drug target.

In the recent past, a variety of scaffolds have been utilized to discover CDK inhibitors that
are ATP-competitive inhibitors occupying the catalytic ATP binding site. The first pan-CDK
inhibitor, Flavopiridol, inhibited CDKs and other protein kinases is in clinical trials to treat
leukemia, breast cancer, colorectal cancer and gastric cancer.[***"! Other more selective CDK
inhibitors identified are Seliciclib,"® Dinaciclib,**? AT7519,%1 BAY-1000394,7%%
PHA-848125!%2% and et cetera.l””?®) The poor selectivity of most of these lacking of balance
between efficacy and safety might hindered further development. The importance of

selectivity is evinced by the fact that, so far, Palbociclib,!*® Abemaciclib®” and Ribociclib!®!
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are the three selective CDK4/6 inhibitors which have been approved for the treatment of
breast cancer by U.S. Food and Drug Administration (FDA).

To improve the selectivity with anti-proliferative activity of CDK inhibitors towards CDK2 is
a challenging issue as the reported most selective CDK2 inhibitor, C-73, had almost no anti-
proliferative activity against cancer cells.®?**! AT7519, a pan-CDK inhibitor, inhibited
effectively the CDK1, CDK2 and CDKO9 kinase activity, showed high anti-proliferation effect
against various tumor cell lines, though potentially affecting the viability of normal cell line

MRC-5.B4 AT7519 is in phase | clinical trials for the treatment of lymphocytic leukemia.

With the intention to optimize the selectivity of AT7519 towards CDK2 a novel series of 4-
benzoylamino-1H-pyrazole-3-carboxamide derivatives as CDK2 inhibitors has been reported
by Lin 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. MATERIAL AND METHODS

2.1 Data-set

For present work the reported nineteen pyrazole-3-carboxamide derivatives have been
considered as the data set.*® The structures of these compounds are represented in Table 1.
These derivatives were evaluated for their inhibition of CDK1 and CDK2. Both the inhibition
activities have also been reported in Table1.”% The inhibition activity, ICso, represents the
concentration of a compound to achieve 50% inhibition of CDK1 and CDK2. The same is
expressed as pICsp on a molar basis and considered as the dependent variable for the present
quantitative analysis. 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 and Observed CDK1 and CDK2 inhibition activities of 4-

benzoylamino-1H-pyrazole-3-carboxamide derivatives.

ICso (OM)?
CDK2 | CDK1

c o K
1 %Hg \C\ 0.032 | 0.089
\,N NH
Cl O NH

Cpd. Structure
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N NH
3 @EN TT @ 0.006 | 0.014
4 O/@LN 0.400 | 0.306
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*Ref.,®! 1Cso represents the concentration of a compound to bring out 50% inhibition of
CDK1 and CDK2; ®Compound included in test set.

Z

4

2

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.

2.3 Development and Validation of model
The combinatorial protocol in multiple linear regression (CP-MLR)!®! and partial least

squares (PLS)B94

procedure has been 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. Furthermore, in
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order to discover any chance correlations associated with the models recognized in CP-MLR,
each cross-validated model has been put to a randomization test**! 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.

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.

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.

www.wipr.net | Vol 11, Issue 12,2022. | SO 9001:2015 Certified Journal | 2202



Sharma et al. World Journal of Pharmaceutical Research

3. RESULTS AND DISCUSSION

3.1 QSAR results

For the compounds in Table 1, a total number of 475 descriptors belonging to OD- to 2D-
classes of DRAGON have been computed. 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 475 to 60 as relevant ones to explain the
biological actions of titled compounds and these were subjected to CP-MLR analysis with
default “filters” set in it. The descriptors have been scaled between the intervals 0 to 11! 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. 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.

The 19 compounds were divided into training-set and test-set. Four compounds (nearly 20%
of total population) have been selected for test-set. The identified test-set was then used for
external validation of models derived from remaining fifteen compounds in the training-set.
The squared correlation coefficient between the observed and predicted values of compounds
from test-set, r’rest, 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’re 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 01 model in
two descriptor and 03 models in three descriptors all having r’res >0.5, for the CDK2
inhibitory activity. All these models are mentioned below.

pICso = 7.966 —1.354(0.404)TIE —0.910(0.341)C-027

n=15,r=0.745, s = 0.393, F = 7.499, Q% 00 = 0.381, Q% 50 = 0.389, r*rest = 0.595 (1)

pICso = 7.497 —0.883(0.147) PW4 +0.885(0.309) MATS6m —1.493(0.247) PSA
n=15 r=0.903, s = 0.263, F = 16.350, Q%00 = 0.615, Q% 30 = 0.653, r*rest = 0.570 )

pICso = 8.221 —0.802(0.285) TIE —0.814(0.150) PW4 —0.946(0.240) PSA
n=15,r=0.901, s = 0.266, F = 15.996, Q% oo = 0.642, Q% 30 = 0.567, I’1est = 0.527 (3)
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pICso = 8.041 —1.598(0.355) TIE +1.115(0.254) N-072 —0.961(0.285)PSA
n=15,r=0.866,s=0.307, F = 11.042, Q° 0o = 0.565, Q2 30 = 0.521, r*rest = 0.544 (4)

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.

In above model Eqs,**! the descriptors TIE and PW4 are topological class descriptors. The
topological class descriptors are based on a graphical representation of the molecule and are
numerical quantifiers of molecular topology obtained by the application of algebraic
operators to matrices representing molecular graphs and whose values are independent of
vertex numbering or labelling. They can be sensitive to one or more structural features of the
molecule such as size, shape, symmetry, branching, and cyclicity and can also encode

chemical information concerning atom type and bond multiplicity.

The descriptor MATS6m is a 2D-autocorrelation descriptor, C-027 and N-072 are atom
centered fragments whereas PSA is a property class descriptor. The 2D-autocorrelations are
molecular descriptors, which describe how a considered property is distributed along a
topological molecular structure. The 2D-auto descriptors have their origin in autocorrelation
of topological structure of Broto-Moreau (ATS), of Moran (MATS) and of Geary (GATS).
The computation of these descriptors involves the summations of different autocorrelation
functions corresponding to the different fragment lengths and leads to different
autocorrelation vectors corresponding to the lengths of the structural fragments. Also a
weighing component in terms of a physicochemical property has been embedded in this
descriptor. As a result, these descriptors address the topology of the structure or parts thereof
in association with a selected physicochemical property. In these descriptors’ nomenclature,
the penultimate character, a number, indicates the number of consecutively connected edges
considered in its computation and is called as the autocorrelation vector of lag n
(corresponding to the number of edges in the unit fragment). The very last character of the
descriptor’s nomenclature indicates the physicochemical property considered in the weighing
component—m for mass or v for volume or e for Sanderson electronegativity or p for
polarizability—for its computation. Atom centered fragment descriptors are simple molecular
descriptors defined as the number of specific atom types in a molecule and their calculation is

based on the knowledge of the molecular composition and atom connectivities.
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The positive sign of regression coefficients of descriptors MATS6m and N-072 suggested
that a higher value of atomic masses weighted Moran autocorrelation of lag 6 and presence of
RCO-N</>N-X=X type structural fragments in a molecule would be beneficial to augment
the CDK2 inhibitory activity. On the other hand, a lower value of descriptors TIE (E-state
topological parameter), PW4 (path/walk 4-Randic shape index), PSA (fragment based polar
surface area) and absence of R--CH--X type structural fragment would be supportive to the
CDK?2 inhibition.

These models have accounted for nearly 82% 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 Q7 index is in accordance to a
reasonable robust QSAR model. The pICs, values of training set compounds calculated using
Egs. (2) to (4) have been included in Table 2. The models (2) to (4) are validated with an
external test set of 4 compounds listed in Table 2. The predictions of the test set compounds
based on external validation are found to be satisfactory as reflected in the test set r? (Fres)
values and the same is reported in Table 2. The plot showing goodness of fit between

observed and calculated activities for the training and test set compounds is given in Figure 1.

Table 2: Observed and Calculated CDK2 and CDK1 inhibition activities of 4-

benzoylamino-1H-pyrazole-3-carboxamide derivatives.

plC50(M)? plC50(M)?
Cpd CDK?2 inhibition CDK1 inhibition
' Obsd Calculated Obsd Calculated
"| Eq.(2) | Eq.(3) | Eq.(4) | PLS "| Eq.(5) | Eq.(6) | Eq.(7)

749 | 698 | 703 | 710 |715] 705 | 684 | 697 | 6.84
6.60 | 6.72 | 675 | 654 |6.74]| 623 | 6.60 | 6.16 | 6.38
822 | 801 | 802 | 804 |816| 785 | 7.71 | 787 | 7.94
640 | 6,60 | 662 | 6.87 |631] 651 | 658 | 6.30 | 6.19
707 | 720 | 703 | 729 |7.24 | 6.36 | 637 | 6.30 | 6.65
729 | 730 | 736 | 732 |7.26 | 656 | 6.64 | 6.60 | 6.52
6.79 | 689 | 693 | 647 |6.62| 573 | 561 | 535 | 6.04
6.84 | 680 | 681 | 6.72 |6.77 ] 6.15 | 6.09 | 6.25 | 6.30
692 | 704 | 723 | 7.07 |7.07] 590 | 595 | 6.22 | 6.15
724 | 689 | 695 | 755 692 599 | 619 | 6.29 | 5.88
759 | 743 | 747 | 776 |7.71] 6.63 | 632 | 6.63 | 6.42
712 | 732 | 723 | 749 | 745 6.27 | 666 | 6.34 | 6.27
6.68 | 659 | 664 | 651 [693 ]| 630 | 645 | 642 | 6.09
810 | 827 | 823 | 787 | 798| 7.16 | 6.96 | 6.82 | 6.98
709 | 696 | 715 | 725 |7.10] 6.13 | 579 | 588 | 5.99
717 | 699 | 707 | 718 |7.06| 646 | 6.10 | 6.27 | 6.01

P I el el F N =
OV W|IN| -
o Vlnw R
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17 7.14 6.76 6.65 6.94 |6.78| 6.14 5.87 6.39 6.14
18" 6.77 6.76 6.49 6.61 | 6.54 | 5.89 5.89 5.68 5.48
19 6.31 6.65 6.55 6.73 | 6.62 | 5.43 5.67 5.86 5.60
%1Cso on molar basis, taken from reference,*> "Compound included in test set.

A Training set; © Test set A Training set; © Test set
—~ 10 ] — 10 ]
a “
S 9 2 9
= =
SEr “A U o8 A0
=3 =
E Ny % N 2 7 ag S
= n - 7 ﬁ
= 'y = A
= R
E 6 T T T 1 -Et 6 T T T 1
v 6 7 8 9 10 &} 6 7 8 9 10
Observed pICs, Observed pICs,
& Training set; O Test set A Training set; © Testset
- 10 - - 10 -
p! A
&
[ 92 & 9
= g o
O _ o i
= 8 o & = 8 o
= = A
S 7 - A% A 2 7 a% a
= & = £
E oL = 55
= 6 T T T ] = 6 T T T 1
= =
@) 6 7 8 9 10 o 6 7 8 9 10
Observed pICs, Observed pICs,

Figure 1: Plot of observed versus caculated plCs, values for Training and Test-set

compounds for CDK?2 inhibition.

A partial least square (PLS) analysis has been carried out on these 6 CP-MLR identified
descriptors discussed above (Egs. (1)-(4)) 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 6 descriptors and they
explained 84.12% variance in the activity. All these descriptors convey same inference in the
PLS model as well. It is also observed that PLS model from the dataset devoid of these 6
descriptors is inferior in explaining the CDK2 activity of the analogues. The MLR-like PLS
coefficients of these 6 descriptors are given in Table 3. For the sake of comparison, the plot

showing goodness of fit between observed and calculated activities (through PLS analysis)
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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

(Table 3).

Table 3: PLS and MLR-like PLS models from the 6 descriptors of Two and Three
parameter CP-MLR models for CDK?2 inhibitory activities.

A: PLS equation

PLS components

PLS coefficient (s.e.)*

Component-1 -0.463(0.060)
Component-2 0.090(0.045)
Constant 7.076
B: MLR-like PLS equation
S. . MLR-like c S. | Descri | MLR-like c
no. | DESCrPLOr | o etticient® | (FC)° | Order | o ptor | coefficient” (f.c)” | Order
1 |TIE -0.575 0.369 1 4 C-027 -0.369 -0.183 4
2 | PW4 -0.488 0.098 2 5 N-072 0.098 0.049 5
3 | MATS6m 0.011 0.472 6 6 PSA -0.472 -0.235 3
Constant = 19.504
C: PLS regression statistics Values
n 15
r 0.917
S 0.235
F 31.792
Q%Loo 0.749
Q%50 0.713
rTest 0.547

*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.

0.400 -

0.300 -

0.200 -

0.100 -

0.000

-0.100 -

Fraction contribution

-0.200 |

-0.300 -

-0.400 -

TIE (1)

| MATS6m (6)

rwsc) I

c027 ) [

l N-071 (5)

Figure 2: Plot of fraction contribution of MLR-like PLS coefficients (normalized)
against 6 CP-MLR identified descriptors associated with CDK2 inhibitory activity of 4-
benzoylamino-1H-pyrazole-3-carboxamide derivatives.
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CP-MLR analysis has also been carried out for another reported inhibition activity CDK1
using same test set. Following are the selected three-descriptor models (out of 16 models) for
the CDK1 inhibitory activities emerged through CP-MLR.

pICso = 6.840 —0.948(0.180) nO +1.764(0.262) MATS7m —1.857(0.276) MATS8v
n=15,r=0.925,s=0.253, F = 22.018, Q% 00 = 0.739, Q?.30 = 0.761, r’rest = 0.555 (5)

pICs = 8.342 +0.613(0.195) SPI —2.322(0.310) TIE —1.335(0.222) JGl4
n=15r=0.923,s=0.258, F =21.179, Q% 0o = 0.524, Q.30 = 0.635, r’1est = 0.655 (6)

pICso = 5.814 +1.582(0.271) MSD —0.991(0.288) TIE +1.054(0.359) MLOGP
n=15,r=0.920, s =0.262, F = 20.358, Q.00 = 0.729, Q% 30 = 0.750, r*rest = 0.570 (7)

It is evinced from the models mentioned above that descriptors MATS7m (atomic masses
weighted Moran autocorrelations of lag 7), SPI (superpendentic index), MSD (Balaban mean
square distance index) and MLOGP (Moriguchi octanol-water partition coefficient, logP)
have shown positive contribution to activity suggesting higher values of these descriptors for
the elevated activity. The negative correlation to the activity of descriptors nO (number of
oxygen atoms), MATS8v (atomic van der waals volumes weighted Moran autocorrelations of
lag 8), TIE (E-state topological parameter) and JGI4 (mean topological charge index of order

4) advocates that a lower value of these will be beneficial for the activity.

These models have accounted for nearly 86% variance in the observed activities. The values
greater than 0.5 of Q2 index is in accordance to a reasonable robust QSAR model. The pICs
values of training set compounds calculated using Egs. (5) to (7) have been included in Table
2. The models (5) to (71) are validated with an external test set of 4 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* (r*rest) Values and the same is reported in Table 2.
The plot showing goodness of fit between observed and calculated activities for the training

and test set compounds is given in Figure 3.

www.wipr.net | Vol 11, Issue 12,2022. | 1SO 9001:2015 Certified Journal | 2208



Sharma et al. World Journal of Pharmaceutical Research

A Training set; © Test set A Training set; © Test set

o
|
o
|

=]
o0
>

R
o>

%

Calculated pICS50 (Eq.5)
[=a}
-2
O
o
4
Dob
Calculated pICS50 (Eq.6)
B

7|
n

Observed pICS0 Observed pICS0

4 Training set; © Test set

- 9 7

o

S

= 8 A

o

J7 sy 2

2 %

T 6 A%ﬁﬁ‘

Bt

= A o

; 5 T T T |

5 5 6 7 8 9
Observed pICS0

Figure 3: Plot of observed versus caculated plCsy values for Training and Test-set

compounds for CDKZ1 inhibition.

3.2 Applicability domain

On analyzing the applicability domain (AD) for the CDK2 inhibitory actions in the Williams
plot (Figure 4) of the model based on the whole data set (Table 4), No any compound has
been identified as an obvious ‘outlier’ for the CDK2 inhibitory activity if the limit of normal
values for the Y outliers (response outliers) was set as 3x(standard deviation) units. None of
the compound was found to have leverage (h) values greater than the threshold leverage (h*).
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.
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Table 4: Models derived for the whole data set (n = 19) in descriptors identified through
CP-MLR for CDK2 inhibitory actions.

Model r S F | Q%00 Eq.
0ICso = 7.494 —0.891(0.134)PW4

+0.927(0.251)MATS6m —1.467(0.205)PSA 0.895 0245 20.263 | 0.635 | (2a)
0ICso = 8.210 —0.834(0.231) TIE —
0.789(0.134)PW4 —0.838(0.201)PSA

0ICso = 7.944 —1.421(0.280)TIE
+1.014(0.208)N-072 -0.934(0.243)PSA

0.893 | 0.247 | 19.749 | 0.675 | (3a)

0.862 | 0.279 | 14.501 | 0.603 | (4a)
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Figure 4: Williams plot for the training-set and test-set for CDK2 inhibition activity of
compounds in Table 1. The horizontal dotted line refers to the residual limit
(x3xstandard deviation) and the vertical dotted line represents threshold leverage h*
(=0.8).
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4. CONCLUSION

The CDK 2 and 1 inhibition activity of 4-benzoylamino-1H-pyrazole-3-carboxamide
derivatives has been quantitatively analyzed in terms of Dragon descriptors. The statistically
validated quantitative structure-activity relationship (QSAR) models provided rationales to
explain the inhibition activities of these congeners. The descriptors identified through
combinatorial protocol in multiple linear regression (CP-MLR) analysis for the CDK2
inhibitory activity have highlighted the role of E-state topological parameter (TIE), path/walk
4-Randic shape index (PW4), atomic masses weighted Moran autocorrelation of lag 6
(MATS6m) and fragment based polar surface area (PSA). Atom centered fragments, R--CH--
X (C-027) and RCO-N</>N-X=X (N-072) have shown prevalence to model the CDK2
inhibitory activity.

The positive sign of regression coefficients of descriptors MATS6m and N-072 suggested
that a higher value of descriptor MATS6m and presence of RCO-N</>N-X=X type structural
fragments in a molecule would be beneficial to augment the CDK2 inhibitory activity. On the
other hand, a lower value of descriptors TIE, PW4 and PSA, and absence of R--CH--X type
structural fragment would be supportive to the CDK2 inhibition. The statistics emerged from
the test sets have validated the identified significant models. 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.

For the CDKL inhibitory activity, a higher value of descriptors MATS7m (atomic masses
weighted Moran autocorrelations of lag 7), SPI (superpendentic index), MSD (Balaban mean
square distance index) and MLOGP (Moriguchi octanol-water partition coefficient, logP) will
be helpful to augment the activity. On the other hand lower values of descriptors nO (number
of oxygen atoms), MATS8v (atomic van der Waals volumes weighted Moran
autocorrelations of lag 8), TIE (E-state topological parameter) and JGI4 (mean topological
charge index of order 4) advocates that a lower value of these will be beneficial for the

activity.
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