Journal of Enzyme Inhibition and Medicinal Chemistry, 2011, 26(3), 412-421

A QSAR study on 2-(4-Methylpiperazin-1-yl)quinoxalines as
human histamine Hy receptor ligands
Brij K. Sharma*, Pradeep Pilania, Prithvi Singh and Yenemandra S. Prabhakar*®

Department of Chemistry, S. K. Government College, Sikar-332 001, Rajasthan, India,
“Medicinal and Process Chemistry Division, Central Drug Research Institute, CSRI, Lucknow-
226 001, UP, India

*Correspondence: bksharma_sikar@rediffmail.com; yenpra@yahoo.com

Tel: +91-1572-251039 (O); fax: +91-1572-270039

Abstract

The histamine Hy4 receptor binding affinity of 2-(4-Methylpiperazin-1-yl)quinoxaline derivatives
have been quantitatively analyzed in terms of Dragon descriptors. The derived QSAR models
have provided rationales to explain the activity of titled derivatives. The descriptors identified in
CP-MLR analysis have highlighted the role of path/walk 4-Randic shape index (PW4), mean
square distance index (MSD), topological charges (GGI19, JGI2 and JGI7), atomic properties in
respective lags of 2D-autocorrelations (MATS7e, GATS7e and MATS8p) and Burden matrix
(BELm1) to explain the binding affinity. Certain structural fragments (C-002 and C-027) have
also shown prevalence to optimize the H4R binding affinity of titled compounds. The PLS
analysis has also confirmed the dominance of information content of CP-MLR identified
descriptors for modeling the activity.

Key words: QSAR; 2-(4-Methylpiperazin-1-yl) quinoxalines; histamine Hj receptor (HR);
combinatorial protocol in multiple linear regressions (CP-MLR); partial least square (PLS)
analysis.

Introduction

Histamine plays role in many physiological processes such as inflammation and
vasodilatation, gastric acid secretion, cognitive processes, regulation of food intake, sleep, and
wakefulness. It is a member of G-protein coupled receptors (GPCR’s) family. At present, there
are four histamine receptor subtypes namely, H1R, H2R, HsR and H4R. The antagonists of H; and
H, receptors are widely used for the treatment of allergic disorders such as hay fever [1] and
gastric ulcers [2], respectively. The H3R antagonists are being assessed for clinical efficiency in
attention deficit hyperactivity disorder (ADHD), dementia and narcolepsy [3]. The most recently,
identified histamine receptor subtype [4-8], H4R has a diverse pharmacological profile than Hy,
H, and H3R [9]. It is primarily expressed on hematopoetic and immune cells such as eosinophils,
mast cells and macrophages as well as in peripheral tissues such as spleen, thymus and bone
marrow [10] and plays a role in immunological and inflammatory processes. For the treatment of
various chronic inflammatory diseases, such as inflammatory bowel disease, asthma and
rheumatoid arthritis [11-13], and possible role in the proliferation of colon carcinoma cells, in the
modulation of angiogenesis and in mediating pruritis [14,15], the H4R is being considered as a
potential drug target.
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Recently, a series of N-methylpiperazinylquinoxaline derivatives, as a novel class of potent H4;R
ligands has been reported by de Esch et al. [16]. Apart from this, Kiss et al. have reported
structure-based virtual screening of more than 8.7 million diverse chemical entities from
different database using a ligand-supported homology model of the human histamine H4 receptor
(hH4R) and identified several novel scaffolds as selective H4 ligands [17]. Several of these hits
shared aryl, heteroaryl and functionalized unsaturated chains as part of their structures. These
results furthermore highlight the N-methylpiperazinylquinoxalines as potentential H4R ligands.
Moreover, in view of the importance of anti-inflammatory agents in the clinical management of
several disorders, a quantitative structure-activity relationship is attempted on the binding
affinity of these quinoxaline derivatives. The present study is aimed at rationalizing the
substituent variations of these analogues to provide insight for the future endeavors.

Materials and methods

Data set and molecular descriptors

The forty five reported N-methylpiperazinylquinoxaline derivatives [16], have been
considered as the data set for present QSAR study. The binding affinity of these compounds was
measured by displacement of [*H] histamine binding using membranes of HEK cells transiently
expressing the human HyR. The structural variations and binding affinity (as pK;) are mentioned
in Table I.

Table I. Structures and observed experimental binding affinity of N-methylpiperazinyl-
quinoxaline derivatives.

de R R, pKi
—
o Z N/ R2

1° H H 6.05
2 H CHs 6.70
3 H CeHs 4.99
4° H CH,CgHs -

5P H SPh 6.44
6 H NHCH,Ph 5.13
7 H OPh 6.49
8 H OCH.Ph 6.53
9 H O(CH,),Ph 6.32
10° H O(CHy>)4Ph 5.53
11 H OCH,-2-Pyridyl 6.33
12 H OCH,-3-Pyridyl 5.53
13 H OCH2-4-Pyridyl 5.36
14 H OCH,-(4-OCHs-Ph) 6.15
15 H OCH,-(4-CHs-Ph) 5.86
16 H OCH,-(4-CI-Ph) 5.64
17°  H OCH,-(3-CI-Ph) 6.57
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18° H O(3-pyridyl) 5.89
19° H O(4-CI-Ph) 5.63
20° H 0(3,4-CI-Ph) 5.77
21 H O(4-F-Ph) 5.80
22 H O(3-CHs-Ph) 6.24
23 H O(4-CHs-Ph) 5.66
24 H O-(4-OCHgs-Ph) 5.63
25 H O-(3-N, N-dimethylaniline) 5.81
26 H O-cyclohexyl 4.88
27 H OCH,CH(CHs), 5.24
28 H OCH,CH3 6.64
29 H O(CHy)s-N, N-dimethylamine 5.40
30 H OCHs 6.47
31 H OH 7.21
32 6-Cl OCHs 7.58
33" 6-Cl OH 7.93
34 6,7-di-Cl OH 8.25
35°  6,7-di-Cl (CH,),Ph 5.40
36 6,7-di-Cl CHs 7.20
37°  6,7-di-Cl OPh 5.93
38"  6,7-di-Cl OCHs 7.24
39 H CF; 5.60
40° H Cl 6.64
41°  6-Cl H 7.04

42 (:ENi/N 5.16
=
N
43 /@ENj/O 6.23
al Z
-
44 | 4.69

45° ©/\erN\) 5.12
N

*Taken from reference [16]; "Compounds in test set; °Not part of the data set.
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The descriptors, accounting molecular features, for all the reported compounds have been
calculated from Dragon software [18]. The input for this software was the energy minimized 3D-
structures of the compounds drawn in ChemDraw software [19]. A total number of 458
descriptors corresponding to 0D-, 1D- and 2D-classes of Dragon software have been considered
in the present modeling study. Before model development procedure, all those descriptors which
are intercorrelated beyond 0.90 and showing a correlation of less than 0.1 with the biological
endpoints (descriptor vs activity, r < 0.1) were excluded. This procedure has reduced the total
descriptors from 458 to 92 as relevant ones to explain the biological actions of titled compounds.
In the dataset, the initial assessment of activity with the all descriptors has suggested the
compound 4 as potential outlier. An outlier to a QSAR can indicate the limits of applicability of
QSAR models.

In these derivatives two-ring heterocyclic scaffolds are directly connected to the N-
methylpiperazine moiety. These analogous were synthesized on the basis of flexible alignment
model of VUF6884 (a tricyclic clozapine analogue) and JNJ7777120 (an indole-N-
methylpiperazine derivative) [20]. The model suggested that both the compounds had
overlapping binding mode for the H, receptor. The reported quinoxaline derivatives are having
the hybrid scaffold based on the structures of clozapine analogue and indole anologue. The
alignment model suggested that substitution of quinoxaline with an additional aromatic ring
system could occupy the aromatic pocket, which is also occupied by one of the aromatic rings of
a tricyclic clozapine analogue when it binds to the H4R. Compound 4 may be treated as an outlier
as it may not fit to an aromatic pocket and/or may furnish an additional interaction with an
aromatic pocket. In view of this, the modeling study has been carried out without this analogue.
Inclusion of this analogue to the dataset leads to statistically insignificant results.

Development and validation of model

The combinatorial protocol in multiple linear regression (CP-MLR) [21-25] and partial
least-squares (PLS) [26-28] procedures have been used in the present study 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 data set 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 [29,30]. 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 [31,32] 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. The data set of the present study is randomly divided into training set
for model development and test set for external prediction or validation. The compounds of test
set were randomly picked using an in-house written randomization program.
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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 Qoo (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’req (the squared correlation
coefficient between the observed and predicted values of compounds from test set) is greater
than 0.5.

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 is evaluated by
the leverage values for each compound [33]. 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 applicability domain 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.

Results and discussion
OSAR 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, 14 compounds have been included in the test
set for the validation of the models derived from 30 training set compounds. A total number of
92 significant descriptors from 0D-, 1D- and 2D-classes have been subjected to CP-MLR
analysis with default “filters’ set in it. Statistical models in two and three descriptor(s) have been
derived successively to achieve the best relationship correlating HsR binding affinity. A total
number of six and twelve models in two and three descriptors respectively, were obtained
through CP-MLR. These models (with 92 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 has been used as the new threshold of
filter-3 for the next generation. The selected models in two and three descriptors are given
below.
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pKi = 69.455 —30.940(4.665)BELm1 —5.352(1.382)GGI9 (1)

n =30, r=0.804, s = 0.513, F = 24.639, Q% 0o = 0.574, Q%50 = 0.532, *ranav(sd) = 0.255(0.148),
rzTest = 0607

pKi = 59.179 + 48.132(19.392)PW4 —30.416(5.330)BELm1 )

n=30,r=0.743, s = 0.578, F = 16.616, Q% oo = 0.443, Q.50 = 0.361, Pranav(sd) = 0.241(0.126),
rrest = 0.513

pKi = 61.334 —26.893(4.349)BELm1 —4.723(1.240)GGI9 +2.534(0.866)MATS7e (3)

n =30, r=0.857, s =0.454, F = 23.883, Q% 00 = 0.674, Q.50 = 0.677, Pranav(sd) = 0.314(0.141),
rzTest = 0559

pKi = 69.945 —31.162(4.237)BELm1 —5.207(1.256)GGI9 -0.241(0.093)C-002 (4)

n =30, r=0.848, s = 0.466, F = 22.175, Q% oo = 0.644, Q?.s0 = 0.580, r*ranav(sd) = 0.282(0.108),
rrest = 0.589

In above and all follow up regression equations, the values given in the parentheses are
the standard errors of the regression coefficients. The ranay(sd) is the mean random squared
multiple correlation coefficient of the regressions in the activity (Y) randomization study with its
standard deviation from 100 simulations. In the randomization study (100 simulations per
model), none of the identified models has shown any chance correlation. The signs of the
regression coefficients suggest the direction of influence of explanatory variables in the models.

The descriptor BELm1 belongs to BCUT class of Dragon descriptors. The BCUT
descriptors are the first 8 highest and the lowest absolute eigenvalues, BEHwk and BELwK,
respectively, for the modified Burden adjacency matrix. Here w refers to the atomic property and
k to the eigenvalue rank. The ordered sequence of the highest and the lowest eigenvalues reflect
upon the relevant aspects of molecular structure, useful for similarity searching. The negative
contribution of descriptor BELmL1 to the activity advocates that a higher value of this descriptor
is detrimental to the activity.

The other participated descriptors, GGI9, PW4, MATS7e and C-002 belong to Galvez
topological charge indices (GALVEZ), topological (TOPO), 2D-autocorrelations (2D-AUTO)
and atom centered fragment (ACF) classes of Dragon descriptors, respectively. GALVEZ
descriptors are the Galvez topological charge indices and have their origin in the first ten
eigenvalues of the polynomial of corrected adjacency matrix of the compounds. All the
GALVEZ class descriptors belong to two categories. Of this one category corresponds to the
topological charge index of order n (GGIn) and the other to the mean topological charge index of
order n (JGIn), where ‘n’ represents the order of eigen value. The negative influence of
descriptor GGI9 (topological charge index of 9" order) from this class to the activity suggested
that a lower value of 9" order charge index would be beneficiary to the activity. The TOPO class
descriptors are based on a graph 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 labeling. They can
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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 PW4, participated in above models is representative of TOPO
class. The descriptor PW4, path/walk ratio 4, is the Randic’s molecular shape descriptor and its
value increases with increased branching in the vertices. The sign of regression coefficient of this
descriptor shows positive influence on the activity. A higher value of this descriptor would be in
favor of the activity.

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 involve the summations of
different autocorrelation functions corresponding to the different fragment lengths and lead to
different autocorrelation vectors corresponding to the lengths of the structural fragments. Also a
weighting 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 weighting component —
m for mass or v for volume or e for Sanderson electronegativity or p for polarizability — for its
computation. It is evident from the sign of regression coefficient of the participating descriptor
that descriptor MATS7e from this class has contributed positively to the activity. Thus a higher
positive value of descriptor MATS7e (Moran autocorrelation of lag 7 weighted by atomic
Sanderson electronegativities) will be in favor of activity. Atom centered fragments (ACF
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. The ACF class descriptor C-002, representing a CH2R2 fragment in a molecular
structure, has shown negative influence on the activity suggesting absence of such type of
fragment for improved activity.

The three descriptor models could estimate nearly 72 percent in observed activity of the
compounds. Considering the number of observation in the dataset, models with up to four
descriptors were explored. It has resulted in 19 four-parameter models with test set r? >0.50.
These models have shared 18 descriptors among them. All these 18 descriptors along with their
brief meaning, average regression coefficients and total incidence are listed in Table Il, which
will serve as a measure of their estimate across these models. Following are some four-descriptor
models for the activity.

pK; = 58.866 —25.630(3.918)BELm1 —4.752(1.110)GGI9 +2.816(0.781)MATS7e (5)
~0.379(0.139)C-027

n =30, r=0.891, s = 0.406, F = 24.255, Q° 0o = 0.748, Q50 = 0.744, r*anav(sd) = 0.350(0.095),
rest = 0.539

pKi = 68.543 —30.138(3.763)BELm1 —5.358(1.112)GGI9 —0.804(0.280) GATS7e (6)
~0.232(0.082)C-002
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n=30,r=0.888,s=0.412, F = 23.337, Q% 00 = 0.738, Q.50 = 0.738, I*ranav(sd) = 0.335(0.125),
rrest = 0.531

pK; = 58.674 +25.525(6.462)MSD +55.605(14.318)PW4 —33.799(3.979)BELm1 7)
~0.216(0.085)C-002

n=230, r=0.882,s=0.423, F = 21.795, Q%00 = 0.598, Q% 50 = 0.632, r*anav(sd) = 0.375(0.126),
rrest = 0.558

pK; = 61.502 —27.830(4.002)BELm1 +20.729(5.469)JG12 —94.202(25.592)JG17 (8)
+2.324(0.771)MATS8p

n=230, r=0.881,s=0.424, F = 21.629, Q®.00 = 0.658, Q% 50 = 0.665, r*anav(sd) = 0.353(0.125),
rrest = 0.543

These models have accounted for nearly 77 percent 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 pK; values of training set compounds calculated using Equations (5) to
(8) and predicted from LOO procedure have been included in Table 11I.

Table III. Observed and modeled binding affinity of N-methylpiperazinylquinoxaline
derivatives included in the training set.

dea. pKib

Obsd. Eq. (5) Eq. (6) Eq. (7) Eqg. (8) PLS
Calc. LOO Calc. LOO Calc. LOO Calc. LOO Calc. LOO

2 6.70 636 6.33 6.34 631 648 6.46 645 6.39 6.41 6.37

3 499 476 465 466 450 418 352 423 385 449 425
6 513 588 591 582 586 589 592 556 560 570 5.73
7
8

6.49 596 592 6.19 6.18 6.08 6.04 585 570 6.25 6.21

6.53 6.05 6.02 6.12 6.11 6.09 6.07 577 570 6.06 6.03
9 6.32 6.25 6.24 6.01 599 6.00 597 6.14 6.11 6.20 6.19
11 6.33 580 573 620 620 6.12 6.11 589 585 6.10 6.08
12 553 560 565 6.26 6.29 6.12 6.15 5.69 570 564 5.65
13 536 546 553 6.22 6.25 6.12 6.16 5.79 583 547 548
14 6.15 581 578 583 581 6.02 6.02 6.03 6.01 589 5.86
15 586 555 552 548 542 580 580 592 592 568 5.67
16 564 582 583 583 590 587 589 6.05 6.09 599 6.01
21 5.8 591 593 586 587 577 577 586 587 599 6.01
22 6.24 577 573 595 593 591 588 571 568 6.25 6.25
23 566 551 549 565 565 574 574 583 585 581 5.82
24 563 559 558 554 553 6.01 6.03 585 587 593 594
25 581 5.68 564 549 541 569 568 579 579 576 575
26 488 584 591 491 526 493 572 580 6.02 5.07 5.10
27 524 579 585 6.03 6.07 564 571 518 516 515 511
28 6.64 6.73 6.74 690 694 687 691 643 642 6.75 6.76
29 5.4 596 6.04 558 560 547 549 581 584 529 525
30 6.47 683 688 689 695 697 708 696 7.08 6.78 6.83
31 721 6.64 658 6.76 6.71 6.92 688 7.04 7.00 7.05 7.02
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32 758 762 7.63 754 753 746 743 7.43 738 7.50 7.48
34 825 821 819 788 774 771 753 806 796 821 8.19
36 7.2 726 726 712 711 710 708 7.10 7.05 7.25 7.27
39 5.6 573 584 559 554 551 550 581 593 558 558
42 516 517 5.17 515 515 532 541 543 552 555 5.78
43 6.23 630 6.32 595 590 573 550 6.12 6.10 6.16 6.13

44 4.69 489 499 492 502 520 545 511 533 475 479
As in Table I; °On molar basis.

The models (5) to (8) are validated with an external test set of fourteen 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? (rres)) values and the same is reported in Table V.

Table IV. Observed, modeled and residual® binding affinity of N-methylpiperazinylquinoxaline

derivatives included in the test set.
deb pKiC

Obsd. Eq. (5) Eqg. (6) Eq. (7) Eqg. (8) PLS
Calc. Resi. Calc. Resi. Calc. Resi. Calc. Resi. Calc. Resi.

1 6.05 596 0.09 655 -050 6.74 -0.69 6.81 -0.76 6.25 -0.20
5 6.44 595 049 6.22 0.22 6.28 016 590 054 6.29 0.15
10 553 5.85 -0.32 500 053 587 -0.34 6.06 -0.53 5.66 -0.13
17 6.57 587 0.70 576 081 6.02 055 594 0.63 6.28 0.29
18 589 534 055 6.26 -0.37 6.11 -0.22 596 -0.07 5.85 0.04
19 563 5.79 -0.16 579 -0.16 577 -0.14 593 -0.30 6.05 -0.42
20 577 6.03 -0.26 575 0.02 570 0.07 6.09 -0.32 6.43 -0.66
33 793 741 052 741 052 738 055 785 0.08 7.75 0.18
35 540 575 -0.35 501 039 521 019 559 -0.19 547 -0.07
37 593 7.03 -1.10 692 -099 6.78 -0.85 6.70 -0.77 7.01 -1.08
38 724 831 -107 799 -0.75 7.78 -054 789 -0.65 7.88 -0.64
40 6.64 6.63 0.01 686 -0.22 7.09 -045 6.91 -0.27 6.96 -0.32
41 7.04 712 -008 7.38 -0.34 7.28 -0.24 764 -0.60 7.11 -0.07

45 512 527 -0.15 587 -0.75 6.23 -1.11 598 -0.86 575 -0.63
3Difference of observed and calculated pK; value; bSee footnote under Table I11.

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 versus calculated pK; values for the training (A) and test set (o)
compounds. A, B, C and D correspond respectively, to four parameter models (5), (6), (7) and
(8) identified through CP-MLR. E corresponds to the MLR like PLS equation from 18 CP-MLR
identified descriptors.
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The newly appeared descriptors in above models are C-027 (an ACF class descriptor),
GATS7e and MATS8p (2D-AUTO descriptors), MSD (TOPO class descriptor), JGI2 and JGI7
(both from GALVEZ class). Above Equations reveal that a higher value of Balaban mean square
distance index (MSD), 2™ order mean topological charge index (JGI2) and Moran
autocorrelation of lag 8 weighted by atomic polarizabilities (MATS8p) are advantageous to
enhance the activity. On the other hand, a higher value of 7™ order mean topological charge
index (JGI7) and Geary autocorrelation of lag 7 weighted by atomic Sanderson
electronegativities (GATS7e) are detrimental to the activity. Counts for certain structural
fragment, R-CH-X (descriptor C-027) strongly recommend the absence of such structural features
favorable to activity. Thus the descriptors identified for rationalizing the activity give avenues to
modulate the structure to a desirable biological end point.

In model Equations (1)-(8), the participated descriptors have indicated that the steric
effect explained through molecular size, shape and spacer (BELm1, PW4, MSD), the electronic
effect (MATS7e, GATS7e, GGI9, JGI2, JGI7), the poarizability, accounting for both polarity
and hydrophobicity (MATS8p), and certain structural fragments (C-002, C-027) played
significant role in explaining the binding affinity of N-methylpiperazinyl quinoxaline derivatives.
However, the electronic and steric effects have appeared to impart dominant character in
rationalizing the binding activity of titled compounds.

A PLS (partial least squares) analysis has been carried out on these 18 CP-MLR
identified descriptors (Table Il) 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
s.d) to give each one of them equal weight in the analysis. In the PLS cross-validation, four
components are found to be the optimum for these 18 descriptors and they explained 91.20%
variance in the activity (r* = 0.912, Q.00 = 0.872, s = 0.265, F = 65.153, r’req = 0.666). The
MLR-like PLS coefficients of these 18 descriptors are given in Table Il. 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 (Table II).

Table II. Physical meaning, average regression coefficients and the total incidences, and MLR-like
coefficients from PLS model of descriptors identified from four parameter CP-MLR models for the
binding affinity of N-methylpiperazinylquinoxaline derivatives.

ﬁllo. Class Descriptors’ symbol, and meaning '(AI‘XEI d;?]%é)c;oef. '(\%gr:;gﬁ coef.
1 CONST nF, number of fluorine atoms -0.303(2) -0.065(-0.027)10
2 TOPO MSD, mean square distance index 27.145(4) -0.031(-0.013)12
(Balaban)
3 X2A, average connectivity index chi-2 -54.948(1) 0.004(0.002)17
4 PW4, path/walk 4- Randic shape index 57.145(2) 0.008(0.004)16
5 PWS5, path/walk 5- Randic shape index 78.401(2) 0.0217(0.009)13
6 CIC5, complementary information -2.385(1)  -0.252(-0.106)4
content of 5" order neighborhood
symmetry

7 BCUT BELm1, lowest eigen value n.1 of -30.081(19) -0.767(-0.323)1
Burden matrix weighted by atomic
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masses
GGI9, 9" order Galvez topological
charge index

JGI2, 2™ order mean topological charge
index

JGI7, 7" order mean topological charge
index

MATS4v, Moran autocorrelation of lag
4 weighted by atomic van der Waals
volumes

MATS6e, Moran autocorrelation of lag
6 weighted by atomic Sanderson
electronegativities

MATS7e, Moran autocorrelation of lag
7 weighted by atomic Sanderson
electronegativities

GATST7e, Geary autocorrelation of lag 7
weighted by atomic  Sanderson
electronegativities

MATS8p, Moran autocorrelation of lag
8 weighted by atomic polarizabilities
C-002, CH2R2

C-027, R-CH-X

H-046, H attached to CO(SP®), no hetero
atom (X) attached to next carbon

-4.997(13)
17.523(2)
-84.510(2)

-3.763(2)

1.763(1)

2.502(2)

2.324(1)

-0.790(4)

-0.231(5)

-0.347(8)
-0.127(5)

-0.256(-0.108)3
0.127(0.054)7
-0.161(-0.068)5

-0.085(-0.036)9

0.004(-0.002)18

0.091(0.038)8

0.015(-0.006)14

0.060(-0.025)11

-0.133(-0.056)6
-0.284(-0.120)2
-0.011(-0.005)15

*The average regression coefficient of the descriptor corresponding to all models and the total number of its
incidences; the arithmetic sign of the coefficient represents the actual sign of the regression coefficient in the
models; "MLR like regression coefficient of four-component PLS model; (fc) is fraction contribution of the
regression coefficient to the activity; order indicates the order of their significance in the PLS model; the constant
term of PLS model is 6.024; number of compounds are 30. PLS regression and validation statistics: r = 0.955, s =
0.265, F = 65.153, Q% 00 = 0.872, Q° 50 = 0.883, r’r = 0.666.

GGI9, CIC5, JGI7, C-002, JGI2, MATSTe,

The PLS analysis has also suggested BELm1 (a BCUT class descriptor) as the most
determining descriptor for modeling the activity of the compounds (descriptor S. No. 7 in Table
Il; Figure 2). The other nine significant descriptors in decreasing order of significance are C-027,

17,8,6,10,16,9,13,11 and 1 in Table I1; Figure 2).

MATS4v and nF (descriptors S. Nos.
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Figure 2. Plot of fraction contribution of MLR-like PLS coefficients (normalized) of the 18
descriptors (Table Il) to the activity. The ten most significant descriptors are identified by black
shaded lines. The numerals on bars are the order of the descriptors. Of these descriptors, C-027,
GGI9, JGI7, C-002, JGI2, MATSTe are part of equations 1-8 and convey same inference in the
PLS model as well. Among remaining ones, CIC5 belongs to TOPO class. The sign of regression
coefficient of descriptor CIC5 (complementary information content of 5" order neighborhood
symmetry) suggests it detrimental nature to activity. The negative regression coefficient of the
Moran autocorrelation of lag 4 weighted by atomic van der Waals volumes (descriptor MATS4v)
advocates that a higher positive value of it is detrimental to the activity. The CONST class
descriptor nF, recommends a lower number or absence of fluorine atoms in a molecular structure
for elevated activity. In comparison to these ten descriptors, the remaining ones appear in lower
order of significance to influence the activity of the compounds (Table II; Figure 2). It is also
observed that PLS model from the dataset devoid of 18 descriptors (Table Il) is inferior in
explaining the activity of the analogues.

Applicability domain

On analyzing the model applicability domain (AD) in the Williams plot (Figure 3).
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Figure 3. Williams plot for the training set and external prediction set for H4R binding affinity

of N-methylpiperazinylquinoxaline derivatives.

Of the model based on the whole data set (Table V),

Leverages

Table V. Resultant models for the whole data set (n=44) in descriptors of training set models.

Model r s F Q%o Q%50 Eq.
pK; = 56.188 —24.333(3.726)BELmM1 0.860 0.437 27.774 0.675 0.675 b5a
25.094(0.907)GGI9 +1.977(0.661)MATS7e

-0.310(0.118)C-027

oK = 63.082 —27.568(3.513)BELm1 0.854 0446 26.159 0.656 0.660 6a
Z4.565(0.928)GGI9 ~0.672(0.277)GATS7e

-0.172(0.076)C-002

0K, = 56.111 +19.364(4.707)MSD 0.854 0445 26339 0.646 0582 7a
+55.586(13.834)PW4 —31.839(3.484)BELm1

20.217(0.074)C-002

pK; = 56.984 —-25.527(3.655)BELmM1 0.853 0.447 26.073 0.644 0.617 8a

+17.335(4.633)JG12 —82.597(19.769)JG17
+2.159(0.653)MATS8p

It has appeared that none of the compounds were identified as an obvious outlier for the H4R
binding affinity if the limit of normal values for the Y outliers (response outliers) was set as
2.5(standard deviation) units. None of the compounds was found to have leverage (%) values
greater than the threshold leverages (%*). 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, almost all of the compounds was within the applicability

domain of the proposed model and were evaluated correctly.
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Conclusions

This study has provided a rational approach for the development of new N-
methylpiperazinyl- quinoxaline derivatives as Hs-receptor ligands. The descriptors identified in
CP-MLR analysis have highlighted the role of path/walk 4-Randic shape index (PW4), mean
square distance index (MSD), topological charges (GGI9, JGI2 and JGI7), atomic properties in
respective lags of 2D-autocorrelations (MATS7e, GATS7e and MATS8p) and Burden matrix
(BELm1) to the activity. Certain structural fragments have also shown prevalence to optimize the
H4R binding affinity of titled compounds. The PLS analysis has confirmed the dominance of
information content of CP-MLR identified descriptors for modeling the activity when compared
to those of leftover ones.
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