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ABSTRACT

QSAR study has been carried out on the GPR119 agonistic activity of indole-based derivatives in

terms of Dragon descriptors. The derived QSAR models have revealed that the atomic Sandersons
electronegativities weighted and charge accounting descriptors ATS7e, GATS1e, GATS4e and
GGI8, molecular mass weighted descriptors, MATS7m and BELm5, and atomic polarizabilities
weighted descriptors ATS7p and BELp8, and molecular topology accounting feature Lovasz-
Pelikan index (LP1) played a pivotal role in rationalization of GPR119 agonistic activity of titled
compounds. Hydrophilic factor (Hy) and certain structural fragments, such as CHR2X (C-008), R-
-CX--X (C-008) and H attached to heteroatom (H-050) are also predominant to explain GPR119
agonistic actions of indole-based derivatives. PLS analysis has also corroborated the dominance of
CP-MLR identified descriptors. Applicability domain analysis revealed that the suggested model
matches the high quality parameters with good fitting power and the capability of assessing
external data and all of the compounds was within the applicability domain of the proposed model
and were evaluated correctly.
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INTRODUCTION

Diabetes mellitus, characterized by high blood glucose levels, is a metabolic disorder. Nearly 90%
of all cases of diabetes belong to type 2 diabetes mellitus (T2DM). T2DM, highly associated with
obesity, is due to insulin resistance and impaired pancreatic B-cell function. The various
microvascular and macrovascular complications produced by chronic hyperglycemia substantially
increase disease-related morbidity and mortality in patients and limit activities of daily living 1. It
is estimated in a study that nearly 350 million people suffering worldwide from diabetes 2. At
present, intake of anti-diabetic agents, diet control and exercise is the management of type 2
diabetes. A large number of T2DM patients fail to reach desired HbA1c levels due to insufficient
glycemic control 3. Thus there is a need to develop a novel glucose-lowering drug to attain better
glycemic control which protect pancreatic B -cells or exerts anti-obesity effects and devoid of
causing hypoglycemia and cardiovascular side effects. Incretin-related approaches including
dipeptidyl peptidase-4 inhibitors and glucagon-like peptide-1 (GLP-1) receptor agonists*6, and
GPR119 712 are the potential target for anti-diabetic therapy.

GPR119, a member of rhodopsin B -group of G protein-coupled receptors, expressed primarily in
pancreatic B -cells and enteroendocrine cells of the gastrointestinal tract. Stimulation of adenylate
cyclase and increase in intracellular cyclic AMP levels through G B s coupling is caused by the
activation of GPR119 receptor leading to insulin secretion from the pancreatic B -cells. On the
other hand the secretion of incretins like GLP-1 and GIP is promoted by the activation of the
GPR119 receptor in the enteroendocrine cells. GPR119 agonists may serve as novel anti-diabetic
agents on the basis of the fact that secreted incretins also improve glycemic control and have
potential B -cell protective effects 1314, The glucose concentration-dependent insulinotropic effects
of GPR119 suggested that GPR119 agonists will not produce hypoglycemia. The activation of
GPR119 is beneficial therapeutically for obesity 15-18, The GPR119 agonists demonstrated safety
and tolerability in humans 1922, Some representative agonists to this receptor are APD-668, SAR-
260093 and GSK-1292263. As an attempt to develop a novel GPR119 agonist for the treatment of
T2DM, a series of indoline-based compounds has been reported by Sato etal. 2.

The aim of the present communication is to establish the quantitative relationships between the

reported activities and descriptors unfolding the substitutional changes in titled molecules.
MATERIALS AND METHOD

Biological actions and theoretical molecular descriptors
The reported twenty six indole-based derivatives is considered as the data set for present study 23.
The general structure of these analogous is represented in Figure 1. These derivatives were
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evaluated for their GPR agonist activities in the reporter gene assay using CHO cells stably co-
expressing cyclic AMP response element (CRE)-Iluciferase reporter gene (Promega) and GPR119
and were reported as ECso. The reported activity on molar basis (as pECsy) along with the
structural variations of these analogues is shown in Table 1. The data set was sub-divided into
training set to develop models and test set to validate the models externally. The test set

compounds which were selected using an in-house written randomization program, are also
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Figure 1: General structure of indole-based GPR119 agonists

mentioned in Table 1.

Table 1: Structural variations and reported GPR119 agonistic activities of indole -based

derivatives.
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aECs (the concentration of the test compound required to achieve 50% of the maximal response)
on molar basis, taken from reference 23; ®Compound included in test set; ¢ Outlier compound.

The structures of all the data set compounds of Table 1, drawn in 2D Chem Draw 24, were
subjected to energy minimization in the MOPAC using the AM1 procedure for closed shell system
after converting these into 3D modules. The energy minimization was carried out to attain a well-
defined conformer relationship among the congeners under study. Descriptors, belonging to 0D-,
1D- and 2D-classes, of titled compounds were computed using DRAGON software 25. This
software offers a large number of descriptors corresponding to ten different classes of OD- to 2D-
descriptor modules which include the constitutional, topological, molecular walk counts, modified
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Burden eigenvalues, Galvez topological charge indices, 2D-autocorrelations, functional groups,
atom-centered fragments, empirical descriptors and the properties describing descriptors.
Characteristic structural information specific to the descriptor class is offered by these descriptors.

The definition and scope of these descriptor’s classes is given in Table 2.

Table 2: Descriptor classes used for modeling the hGPR119 agonistic activity of

triazolopyridines.

S. No. Descriptor Class Definition and Scope
(Acronyms)?
1 Constitutional (CONST) Dimensionless or 0D descriptors; independent
from molecular connectivity and conformations
2 Topological (TOPO) 2D-descriptor  from molecular graphs and
independent conformations
3 Molecular  walk counts 2D-descriptors representing self-returning walk
(MWC) counts of different lengths
4 Modified Burden 2D-descriptors representing positive and negative
eigenvalues (BCUT) eigenvalues of the adjacency matrix, weights of
the diagonal elements and atoms
5 Galvez topological charge 2D-descriptors representing the  first 10
indices (GALVEZ) eigenvalues of corrected adjacency matrix
6 2D-autocorrelatons Molecular descriptors calculated from the
(2D-AUTO) molecular graphs by summing the products of
atom weights of the terminal atoms of all the paths
of the considered path length (the lag)
7 Functional groups (FUN) Molecular descriptors based on the counting of the
chemical functional groups
8 Atom centered fragments Molecular descriptors based on the counting of
(ACF) 120 atom centered fragments, as defined by
Ghose-Crippen
9 Empirical (EMP) 1D-descriptors represent the counts of non single

bonds, hydrophilic groups and ratio of the number
of aromatic bonds and total bonds in an H-
depleted molecule

1D-descriptors representing molecular properties
of a molecule

10 Properties (PROP)

a Reference 2.

A total number of 485 descriptors, belonging to OD- to 2D- modules, computed by Dragon
software have been utilized to obtain most appropriate models describing the biological activity.
The descriptors pool has been reduced by eliminating those descriptors which are inter-correlated
beyond 0.90 (descriptor versus descriptor, r > 0.9) and showing a correlation of less than 0.1 with
the biological endpoints (descriptor versus activity, r < 0.1), prior to model development
procedure. In doing so 122 descriptors were obtained and will be employed to explain the

biological actions of titled compounds.
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Development and validation of model

QSAR models have been developed, in the present study, using the combinatorial protocol in
multiple linear regression (CP-MLR) 26-30 and partial least squares (PLS) 3133 procedures. CP-
MLR is a “filter”-based variable selection procedure and the embedded filters make the variable
selection process efficient and lead to unique solution. The fear of existence of “chance
correlations” in using large descriptor pools for multilinear QSAR/QSPR studies 3435 overcome by
randomization test 36 37 in which each cross-validated CP-MLR recognized model has been
subjected to 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. A number of statistical parameters such as r (the multiple correlation coefficient), s
(the standard deviation), F (the F ratio between the variances of calculated and observed activities),
and Q?_oo (the cross-validated index from leave-one-out procedure) have been obtained to access
its overall statistical significance, for each model derived in n data points. 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 Q2 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 r2rq (the squared correlation coefficient between the
observed and predicted values of compounds from test set) is greater than 0.5. Additional
statistical parameters such as, the Akaike’s information criterion, AIC 38 39, the Kubinyi function,
FIT 4041 and the Friedman’s lack of fit, LOF 42, have also been calculated to further validate the
derived models. The AIC takes into account the statistical goodness of fit and the number of
parameters that have to be estimated to achieve that degree of fit. The FIT, closely related to the F-
value, proved to be a useful parameter for assessing the quality of the models. A model which is
derived in k independent descriptors, its F-value will be more sensitive if k is small while it
becomes less sensitive if k is large. The FIT, on the other hand, will be less sensitive if k is small
whereas it becomes more sensitive if k is large. The model that produces the lowest AIC value and
highest FIT value is considered potentially the most useful and the best. The LOF factor takes into
account the number of terms used in the equation and is not biased, as are other indicators, toward

large number of parameters.
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Applicability domain

The usefulness of a model is based on its accurate prediction ability for new congeners. A model is
valid only within its training domain and new compounds must be assessed as belonging to the
domain before the model is applied. The applicability domain (AD) is evaluated by the leverage
values for each compound 43. A Williams plot (the plot of standardized residuals versus leverage
values (h)) is constructed, which can be used for a simple graphical detection of both the response
outliers (Y outliers) and structurally influential chemicals (X outliers) in the model. In this plot, the
AD is established inside a squared area within +x standard deviations and a leverage threshold h*,
which is generally fixed at 3(k + 1)/n (n is the number of training set compounds and k is the
number of model parameters), whereas x = 2 or 3. If the compounds have a high leverage value (h
> h*), then the prediction is not trustworthy. On the other hand, when the leverage value of a
compound is lower than the threshold value, the probability of accordance

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

RESULTS AND DISCUSSION

QSAR results

A derived model equation(s), using a pool of descriptors of different descriptor classes, provides
an opportunity to unravel the phenomenon under study i.e. the concepts embedded in the
descriptor classes relate the biological actions revealed by the compounds. Primary observation of
the data set revealed that one compound (S. No. 22, Table 1) does not fit in the trend of data set.
Thus this compound has been excluded in deriving QSAR models. There are many reasons for
their occurrence in QSAR studies; for example, chemicals might be acting by a mechanism
different from that of the majority of the data points. It is also likely that outlier might be a result
of a random experimental error that could be significant when analyzing a large data set.

For the purpose of modeling study, 05 (one fifth of total active) compounds have been included in
the test set for the validation of the models derived from remaining 20 training set compounds. A
total number of 122 relevant descriptors from OD- to 2D- classes, which were obtained after the
reduction of descriptor data set, have been subjected to CP-MLR analysis with default “filters” set
in it. Statistical models in two and three descriptors have been explored to achieve the best
relationship correlating GPR119 agonistic activity. All the models obtained in two descriptors
were having the r2re value less than 0.5. The obtained, all the three models, in three descriptors
are given below through Eqs (1) to (3). These models (with 122 descriptors) were identified in CP-
MLR by successively incrementing the filter-3 with increasing number of descriptors (per

equation). For this, the optimum r-bar value of the preceding level model (=0.699, r-bar value of
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the two parameter model having highest r2r¢;) has been used as the new threshold of filter-3 for the
next generation.

PECso = 7.980 + 3.264(0.936)GGI8 —2.038(0.500)ATS7e - 1.702(0.485)GATS1e

n=20, r =0.853, s =0.559, F = 14.290, Q% 0o = 0.549, Q2% 50 = 0.689

r2rest = 0.788, FIT = 1.478, LOF = 0.511, AIC =0.470 (1)
PECso = 7.458 + 3.461(1.038)GGI8 —2.003(0.536)ATS7e — 3.475(1.173)Hy

n=20, r=0.830, s =0.598, F = 11.846, Q% oo = 0.531, Q%50 = 0.510

r’rest = 0.700, FIT = 1.225, LOF =0.584, AIC = 0.537 (2
PECso = 8.151 + 2.585(0.891)LP1 — 1.993(0.444)BELp8 — 2.535(0.562)MATS7m

n=20, r=0.826, s =0.604, F = 11.477, Q% 0o = 0.575, Q% 50 = 0.612

rret = 0.538, FIT =1.187, LOF = 0.597, AIC =0.548 (3)
where n, r, s and F represent respectively the number of data points, the multiple correlation
coefficient, the standard deviation and the F-ratio between the variances of calculated and
observed activities. In above and all follow-up regression equations, the values given in the
parentheses are the standard errors of the regression coefficients. The signs of the regression
coefficients suggest the direction of influence of explanatory variables in the models. The positive
regression coefficient associated to a descriptor will augment the activity profile of a compound
while the negative coefficient will cause detrimental effect to it. In the randomization study (100
simulations per model), none of the identified models has shown any chance correlation.

The participated descriptors, ATS7e, MATS7m and GATSle, in above models belong to 2D-
AUTO class. It is apparent from the above mentioned equations that a lower values of Broto-
Moreau autocorrelation of a topological structure of lag-7 weighted by atomic Sanderson
electronegativities (ATS7e), Moran autocorre lation of lag-6 weighted by atomic masses and Geary
autocorrelation of lag-1 weighted by atomic Sanderson electro negativities would be helpful to
elevate the agonistic activity. The topological class descriptor LP1 (Lovasz-Pelikan index) and
Galvez class descriptor (8t order Galvez topological charge index, GGI8) shown positive
correlation to the activity suggesting higher values of these as beneficial to the activity. The
negative sign of correlation coefficient of modified Burden eigenvalue (BCUT) class descriptor
BELp8 (lowest eigenvalue n.8 of Burden matrix/weighted by atomic polarizabilities and PROP
class descriptor Hy (hydrophilic factor) advocated that a lower value of descriptor BELp8 and less
hydrophilic factor or nature of molecule would be advantageous to the activity.

The three descriptor models could estimate nearly 73% variance in observed activity of the

compounds. Considering the number of observation in the dataset, models with up to four
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descriptors were explored through CP-MLR and the result was 27 four-parameter models with test
set r2 > 0.50 sharing 40 descriptors among them. The selected models, in four parameters are given
below as Eqgs. (4)-(7). The shared descriptors along with their brief physical meaning, average
regression coefficients, and total incidence are listed in Table 3, which will serve as a measure of
their estimate across these models.

Table 3. Identified descriptors? along with their class, average regression coefficient and

incidence®, in modeling the GPR119 agonistic activities of indole-based compounds.

Descriptor class, average regression coefficient and (incidence)

Constitutional descriptors AMW, 2.560(1); Mv, 2.958(1), -1.937(1); nAT,

(CONST): 3.015(1); nDB, 0.634(1); nO,-1.343(1)

Topological descriptors (TOPO): ZM2V, 2.406(1); MSD, -3.249(2); MAXDP, 1.889(1);
X1A, -1.964(1); PW4, -1.570(1); AECC, -1.989(1);
IC1, 3.103(1); LP1, 2.517(1)

Molecular walk counts (MWC):  MWC10, -0.860(1)

Modified Burden Eigen values BEHmM2, 2.038(1); BELm5, 2.459(7); BEHV5,

(BCUT): 2.113(1); BELv1, -1.229(1); BELv2, -1.528(1);
BELe8,-1.596(5); BELpS, -1.616(2)

Galvez topological charge indices GGI5, -1.342(1); GGI8, 3.396(18)

(GALVEZ):
2D autocorrelations ATS6v, -3.354(1); ATS6e, -2.152(1); ATSTe,
(2D-AUTO): 2.466(9); ATS7p, -3.955(5); MATS6m, 1.759(2);

MATS7m, -2.651(1); MATS5v, -2.126(2); MATS6v,
1.977(2); MATS1le, 1.529(1); MATS3p, -2.721(4);
GATSle, -2.382(3); GATS4e, 2.088(1)

Atom centered fragments (ACF)  C-008, -1.072(1); C-029, 1.136(2); H-046, 2.491(4);
H-050, -1.647(10)

Molecular properties (PROP) Hy, -3.595(6)

aThe descriptors are identified from the four parameter models for PPARy binding activity
transactivation activity emerged from CP-MLR protocol with filter-1 as 0.79, filter-2 as 2.0, filter-
3 as 0.822 and filter-4 as 0.3 < @2 <1.0 with a training set of 20 compounds. P 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. CONST: AMW, average molecular weight; Mv, mean atomic van der
Waals volume (scaled on Carbon atom); nAT, number of atoms; nDB, number of double bonds;
nO, number of Oxygen atoms; TOPO: ZM2V, second Zagreb index by valence vertex degrees;
MSD, mean square distance index (Balaban); MAXDP, maximal electrotopological positive
variation; X1A, average connectivity index chi-1; PW4, path/walk 4-Randic shape index; AECC,
average eccentricity; 1C1, information content index (neighborhood symmetry of 1-order) ; LP1,

Lovasz-Pelikan index (leading eigenvalue); MWC: MWC10, molecular walk count of order 10;
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BCUT: BEHmM2, highest eigenvalue n.2 of Burden matrix/weighted by atomic masses; BELmMS5,
lowest eigenvalue n.5 of Burden matrix/weighted by atomic masses; BEHV5, highest eigenvalue
n.5 of Burden matrix/weighted by van der Waals volumes; BELv1, lowest eigenvalue n.1 of
Burden matrix/weighted by van der Waals volumes BELv2, lowest eigenvalue n.2 of Burden
matrix/weighted by van der Waals volumes; BELeS8, lowest eigenvalue n.8 of Burden
matrix/weighted by atomic Sanderson electronegativities, BELp8, lowest eigenvalue n.8 of Burden
matrix/weighted by atomic polarizabilities; 2D-AUTO: ATS6v, Broto-Moreau autocorre lation of a
topological structure - lag 6 / weighted by atomic van der Waals volumes; ATS6e, Broto-Moreau
autocorrelation of a topological structure - lag 6 / weighted by atomic Sanderson
electronegativities; ATS7e, Broto-Moreau autocorrelation of a topological structure - lag 7 /
weighted by atomic Sanderson electronegativities; ATS7p,Broto-Moreau autocorrelation of a
topological structure - lag 7 / weighted by atomic polarizabilities; MATS6m, Moran
autocorrelation - lag 6 / weighted by atomic masses; MATS7m, Moran autocorrelation - lag 7 /
weighted by atomic masses; MATS5v, Moran autocorrelation - lag 5/ weighted by atomic van der
Waals volumes; MATS6v, Moran autocorrelation - lag 6 / weighted by atomic van der Waals
volumes; MATS1e, Moran autocorrelation of lag-1/ weighted by atomic Sanderson
electronegativities; MATS3p; Moran autocorre lation of lag-3/ weighted by atomic polarizabilities;
GATS1e, Geary autocorrelation of lag-1/ weighted by atomic Sanderson electronegativities;
GATS4e, Geary autocorrelation of lag-4/ weighted by atomic Sanderson electronegativities;
GALVEZ: GGI5, topological charge index of order 5; GGI8, topological charge index of order 8;
ACF:.C-008, CHR2X; C-029, R--CX—X; H-046, H attached to CO(sp3) no X attached to next C;
H-050, H attached to heteroatom; PROP: Hy, hydrophilic factor.

PECso = 6.142 + 2.359(0.639)BELmM5 + 4.496(0.825)GGI8 — 3.661(0.828)ATS7p
—1.185(0.410)H-050

n=20, r=0.888, s =0.509, F = 14.010, Q% oo = 0.651, Q2% 50 = 0.607

r‘rest = 0.550, FIT = 1.556, LOF =0.541, AIC =0.432 (4)
PECso = 7.812 + 2.891(0.833)GGI8 —2.094(0.502)ATS7e — 1.072(0.372)C-008
—1.453(0.409)H-050

n=20, r=0.888, s =0.509, F = 13.994, Q% oo = 0.624, Q? 50 = 0.703

r2rest = 0.745, FIT = 1.554, LOF = 0.541, AIC =0.433 (5)
PECs = 6.316 + 2.163(0.922) GGI8 — 2.820(0.490) GATSle +2.088(0.589) GATS4e
+1.307(0.355)C-029

n=20, r =0.887, s =0.511, F = 13.904, Q2% 0o = 0.604, Q%50 = 0.514
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r27e = 0.697, FIT = 1.544, LOF = 0.544, AIC = 0.435 (6)
PECso = 8.553 + 2.516(0.760) LP1— 2.066(0.380)BELp8 — 2.651(0.481)MATS7m
~2.459(0.927)He

n=20, r =0.885, s = 0.515, F = 13.610, Q2 oo = 0.699, Q2 50 = 0.637

M27e = 0.540, FIT = 1.512, LOF = 0.553, AIC = 0.442 (7)

Nearly 79% variance in the observed activity has been accounted by these models. None of the

CP-MLR identified model has shown any chance correlation in the randomization study (100

simulations per model). The values of Q2 index, greater than a specified cutoff (0.5), hint that

derived models are reasonable robust QSAR models. The pECs, values of training set compounds

calculated using Egs. (4) to (7) and predicted from LOO procedure have been included in Table 4.
Table 4: Observed and modeled GPR119 activity of indole-based agonists.

S. No. pEC50(M)?
ObsdP Eq. (4) Eq. (5) Eq. (6) Eq. (7) PLS
Calc Pred® Calc Pred® Calc Pred® Calc Pred® Calc Pred®

1 585 587 588 616 628 595 6.06 610 626 631 6.52
2 6.92 647 637 654 643 723 734 649 641 682 6.79
3 717 643 635 7.08 7.07 651 646 6.65 658 6.80 6.77
4 560 538 497 536 497 643 652 652 666 59 6.04
5d 5.59 6.42 -4 570 -4 6.46 -4 6.41 -4 6.26 -d
6 808 821 831 773 747 745 718 731 717 7.66 7.55
7 562 584 625 58 625 6.04 639 563 587 538 531
8 760 706 691 689 672 724 711 743 738 715 7.12
od 6.28 6.89 -4 6.90 -4 6.79 -4 7.23 -4 6.94 -d
10 6.11 674 685 662 671 6./3 689 626 633 654 661
11 680 698 703 689 692 639 632 711 715 6.88 6.88
12 532 569 580 6.01 615 509 498 538 542 543 546
13 760 789 79 742 740 740 737 746 743 7.40 7.39
14 768 756 754 744 742 734 129 746 742 735 1.33
15 736 739 739 705 703 737 737 756 760 722 721
16 577 648 659 6.07 620 6.08 6.13 569 566 567 565
17d 8.17 9.12 -4 7.78 -4 801 -4 8.18 -4 8.08 -d
18 841 871 893 874 893 829 822 822 800 861 867
19 6.31 657 663 623 619 682 6.8 676 682 6.63 6.65
20d 7.06 7.15 -4 6.40 -4 6.53 -4 6.66 -4 6.65 0.00
21 777 702 695 672 644 740 717 675 666 711 7.05
226 506 - -€ -€ -€ -€ -€ -€ -€ -€ -€
23 628 680 698 699 718 612 6.07 679 683 659 6.64
244 7.80 8.04 -4 821 -4 7.56 -4 721 -4 6.78 -d
25 79 790 788 83 846 758 733 834 846 831 839
26 811 735 714 816 817 886 939 841 851 849 8.60

a0n molar basis; b Taken from ref. 23; ¢Leave-one-out (LOO) procedure; ¢ Compound included in

test set; ¢ Oulier compound.
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The models (4) to (7) are validated externally with test set of 5 compounds mentioned in Table 1.

The test set r?2 (r2rqy) values greater than 0.5 of these models reflect that these models have

satisfactory external validation capability. The predicted activity values of test set compounds are

in tune to the observed ones and the same is mentioned in Table 4. The plot showing goodness of

fit between observed and calculated activities for the training and test set compounds is given in

Figure 2.
A aTraining set; o Test set B A Training set; o Test set
- 9 -
@9 A o N
g8 - g8 T o
g o ® AA £ $7 any
7 - A A . 4 A A
@- oA A% A A LH‘ a JA%S) A
26 261 a0 A
I A LA kS é
= A > A
2 5 T T T 1 C_Lt; 5 T
S s 6 7 8 9 S =5 6 7 8
Observed pECs, Observed pECs,
C A Training set; o Test set D o Training set; o Test set
~97 A 97
[{e] N~ 00
g8 - 0 ® g8 - °°
37 o 48R 57 ° o oo
'] a s A OA = ) ° o ©
ko] ° o
D 6 Ay A 26 - o
5] [ 00
= =] o
2 5 A T T T 1 2 5 T T
S s 6 7 8 9 S 5 7 8
Observed pECs, Observed pECs,
E A Training set; o Test set
o) 9 ]
wn A A
z8 %o
g 77 O M AA g&%
= o a8 ©
26 - A
L A A
§ 5 T T T 1
8 5 6 7 8 9
Observed pECs,

Figure 2: Plot of observed and calculated pECso values of training- and test-set compounds
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for indole-based GPR119 agonists.

The newly appeared descriptors in above models C-008, C-029 and H-050 are from the atom
centered fragment (ACF) class of descriptors. Descriptor BELm5 belong to BCUT class and the
remaining two ATS7p and GATS4e are 2D-autocorrelations. The signs of regression coefficients
of ACF descriptors suggested absence of CHR2X type fragment (descriptor C-008) and H attached
to heteroatom (descriptor H-050) and presence of R--CX--X type structural fragment (descriptor
C-029) beneficial to the activity. Additionally, higher values of descriptors BELmM5 (lowest
eigenvalue n.5 of Burden matrix/weighted by atomic masses) and GATS4e (Geary autocorrelation
of lag-4/weighted by atomic Sanderson electro negativities), and a lower value of descriptor
ATS7p (Broto-Moreau autocorrelation of a topological structure - lag 7/weighted by atomic
polarizabilities) would be advantageous the agonistic activity.

A partial least square (PLS) analysis has been carried out on these 13 descriptors, emerged in
above mentioned models (4) to (7), 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 13 descriptors and they explained 87.79%
variance in the activity. The MLR-like PLS coefficients of these 13 descriptors are given in Table
5.

Table 5: PLS and MLR-like PLS models from the 13 descriptors of four parameter CP-MLR
models for GPR119 agonistic activities.

A: PLS equation

PLS components PLS coefficient (s.e.)?

Component-1 -0.561(0.052)

Component-2 0.141(0.045)

Constant 6.916

B: MLR-like PLS equation

illo. Descriptor Zl)I(;fF;icliI:r?tb (f.c.)c Order Elo. Descriptor zlale:fF;icli“e(r?tb (f.c.)¢ Order
1 LP1 0.030 0.013 13 8 GATSle -0.217 -0.097 6
2 BELmM5 0.163 0.073 8 9 GATS4e  0.133 0059 9
3 BELp8 -0.230 -0.103 3 10 C-008 -0.100 -0.045 11
4 GGI8 0.235 0105 2 11 C-029 0.199 0.088 7
5 ATS7e -0.272 -0.121 1 12 H-050 -0.228 -0.102 4
6 ATS7p -0.089 -0.040 12 13 Hy -0.126 -0.056 10
7 MATS7m -0.222 -0.099 5 Constant = 7.774

C: PLS regression statistics Values

n 20

r 0.937

S 0.363
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F 61.307
FIT 5.108
LOF 0.175
AIC 0.178
Q%00 0.828
Q%50 0.808
27 est 0.538

a Regression coefficient of PLS factor and its standard error. PCoefficients 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.

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 2.

The fraction contribution of normalized regression coefficients of these descriptors to the activity

is shown in Figure 3.
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Figure 3:Plot of fraction contribution of MLR-like PLS coefficients (normalized) against 13
CP-MLR identified descriptors (Table 5) associated with GPR119 agonistic activity of indole-

based derivatives.

The PLS analysis has suggested ATS7e as the most determining descriptor for modeling the
agonistic activity of the compounds (descriptor S. No. 5 in Table 5; Figure 3). The other
descriptors in decreasing order of significance are GGI8, BELp8, H-050, MATS7m, GATSle, C-
029, BELm5, GATS4e, Hy, C-008, ATS7p and LP1 and convey same inference in the PLS model
as well. It is also observed that PLS model from the dataset devoid of these 13 descriptors is

inferior in explaining the activity of the analogues.
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Applicability domain (AD)

On analyzing the model AD in the Williams plot, shown in Figure 4, of the model based on the
whole dataset (Table 6), it has appeared that one compound (S. No. 22, Table 1) was identified as
an obvious outlier for the GPR119 agonistic activity if the limit of normal values for the Y outliers
(response outliers) was set as 2 (standard deviation) units. An outlier to a QSAR is identified
normally by having a large standard residual activity and can indicate the limits of applicability of
QSAR models. Two compounds, listed in Table 1 at S. No. 7 and 24 found to have leverage (h)
values greater than the threshold leverage (h*) suggesting these compounds 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.

Table 6: Models derived for the whole data set (n = 26) for the GPR119 agonistic activity in
descriptors identified through CP-MLR.

Model r S F Q%00 Eq.

PECso = 6.237 + 1.680(0.679)BELm5 + 4.123(0.813)GGI8 0.786 0.692 8.484 0.497 (4a)
~ 3.263(0.841)ATS7p — 1.088(0.527)H-050

PECso = 7.855 + 2.836(0.567)GGI8 — 2.118(0.446)ATS7e  0.847 0.595 13.345 0.592 (5a)
~ 1.255(0.377)C-008 — 1.421(0.452)H-050

PECso =6.398 + 2.663(0.694)GGI8 — 2.844(0.660)GATSle 0.765 0.721 7.414 0292 (6a)
+1.794(0.699)GATS4e + 0.628(0.425)C-029

PECso = 8.523 + 2.745(0.698)LP1 — 1.938(0.432)BELp8 — 0.829 0.625 11.600 0.365 (7a)
2.882(0.536)MATS7m — 2.472(1.116)Hy

A ATraining set; o Test set B A Training set; o Test set
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—_ 2 i 2 :
z 1.?: . S 1.?: x j
E 05 _ % | E 05 - :
§05]°2 : LY ST
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Figure 4: Williams plot for the training-set and test- set compounds for GPR119 agonistic
activity. The horizontal dotted line refers to the residual limit (x2xstandard deviation) and

the vertical dotted line represents threshold leverage h* (= 0.580).

CONCLUSION

QSAR study has been carried out on the GPR119 agonistic activity of indole-based derivatives in
0D- to 2D-Dragon descriptors. The derived QSAR models have revealed that the atomic
Sandersons electronegativities weighted and charge accounting descriptors ATS7e, GATSIe,
GATS4e and GGI8, molecular mass weighted descriptors, MATS7m and BELm5, and atomic
polarizabilities weighted descriptors ATS7p and BELp8, and molecular topology accounting
feature Lovasz-Pelikan index (LP1) played a pivotal role in rationalization of GPR119 agonistic
activity of titled compounds. Hydrophilic factor (Hy) and certain structural fragments, such as
CHR2X (C-008), R--CX--X (C-008) and H attached to heteroatom (H-050) are also predominant
to explain GPR119 agonistic actions of indole-based derivatives. PLS analysis has also
corroborated the dominance of CP-MLR identified descriptors. Applicability domain analysis
revealed that the suggested mode | matches the high quality parameters with good fitting power and
the capability of assessing external data and all of the compounds was within the applicability

domain of the proposed model and were evaluated correctly.
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