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e development of new therapies to treat hypertension and cardiovascular diseases. A series of 2,4,5-trisubstituted triazolinones
aryl and nonaryl derivatives were subjected toGroup-basedQSAR, k-nearest neighbourmolecular �eld analysis, and pharmacophore
mapping. Multiple linear regression (MLR) methodology coupled with feature selection method namely simulated annealing,
was applied to derive Group based QSAR models which were further validated for statistical signi�cance and predictive ability
by internal and external validation. e best physicochemical descriptors, namely, R1chiV1, R2T_N_O_3, R2chlorines count,
R2T_C_N_4, and R2SssNHE index, contribute signi�cantly to the biological activity. e statistically signi�cant best Group-
based QSAR model has 𝑟𝑟2 = 0.8357 and 𝑞𝑞2 = 0.7266 with pred_𝑟𝑟2 = 0.8138. e 3D-QSAR studies were performed using the
simulated annealing selection k-nearest neighbor molecular �eld analysis approach; a leave-one-out cross-validated correlation
coefficient 𝑞𝑞2 = 0.7461 and predicate activity pred_𝑟𝑟2 = 0.7790 were obtained. Contour maps using this approach showed that
steric, electrostatic, and hydrophobic effects dominantly determine binding affinities. Pharmacophore hypotheses were generated
by the mol sign module and found to contain common features like hydrogen bond donor acceptor, donor, positive, negative
ionizable, and hydrophobic features. is model can be used for preliminary screening of large number of substituted 3H-1,-2,-
4 triazolinone aryl and nonaryl derivatives. e information rendered by 3D-QSAR models may lead to a better understanding
of structural requirements of triazolinone aryl and nonaryl derivatives and also aid in designing novel potent antihypertensive
molecules.

1. Introduction

e renin-angiotensin system (RAS) is considered to be the
major regulator of blood pressure, electrolyte balance and
renal, neuronal as well as endocrine functions related to car-
diovascular control [1, 2]. Activation of the renin-angiotensin
cascade begins with renin secretion from the juxtaglomerular
apparatus of the kidney and culminates in the formation of
the octapeptide angiotensin II receptor which then interacts
with speci�c receptors present in different tissues [3, 4].
e RAS is the key factor in most cases essential hyper-
tension, as indicated by successes in treatment of hyperten-
sive patients with various angiotensin I converting enzyme
(ACE) inhibitors and receptor blockers. Renin was a central

subject of intense investigation because of its role in blood
pressure regulation before the discovery of angiotensinogen
[1]. Two distinct subtypes of Ang II receptors, AT1 and
AT2, have been identi�ed by using non-peptidic, subtype-
selective antagonists (losartan for AT1 and PD123319 for
AT2, resp.). Although both receptor types belong to the
G-protein-coupled receptor superfamily which has seven
transmembrane spanning domains, the properties of the two
Ang II receptors have been shown to be different [5, 6]. e
AT1 receptors undergo rapid internalization and desensitiza-
tion upon agonist stimulation, whereas AT2 receptors do not
internalize and desensitize [7]. A major function of the RAS
is the regulation of blood pressure, and this effect has been
of great interest to the pharmaceutical industry for several
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decades in attempts to produce antihypertensive drugs. e
successful approaches have been to inhibit the hypertensive
actions of angiotensin II by either inhibit the formation of
angiotensin II using ACE inhibitors or to block it’s binding
to the AT1 receptor using antagonists [8]. e AT1 receptor
mediates virtually all well-known physiological actions of
Ang II, such as vasoconstriction, aldosterone release, water
and salt retention, sympathetic transmission, cell growth, and
proliferation [9]. AT1 receptors are primarily found in the
brain, adrenal gland, vasculature, heart, and kidney [10].e
pioneering efforts of the DuPont Group have generated a
promising �rst nonpeptide AT1 antagonist losartan, which
represent the prototype of the sartans. All the angiotensin
II receptor blockers bind to the AT1 receptors and share
common some salient structural features. ese sartans are
designed to mimic the C-terminal part of angiotensin II
receptor [11]. Quantitative structure-activity relationship
(QSAR) approach is certainly useful for designing newer
drugs when the target is not known or if there are multiple
targets. Since physicochemical data are not always available to
develop the predictivemodels; the only alternative is to utilise
the theoretical molecular descriptors for suchmodelling pur-
poses that can be derived solely from the chemical structures
of compounds. e QSAR approach helps to correlate the
speci�c biological activities or physical properties of a series
of compounds with the measured or computed molecular
properties of the compounds, in terms of descriptors [12,
13]. QSAR methodologies save resources and expedite the
process of the development of new molecules and drugs.
QSAR methods have been applied widely for drug discovery,
lead optimization, risk assessment, toxicity prediction, and
regulatory decisions. Hence, in continuation to our efforts
[11, 14–50] in developing QSAR studies for angiotensin II
receptor antagonists. In this investigation, multiple linear
regression (MLR) methodology, coupled with feature selec-
tion simulated annealing, was applied to deriveQSARmodels
which were further validated for statistical signi�cance and
predictive ability by internal and external validation. e
generatedmodels provide insight into the in�uence of various
interactive �elds on the activity and, thus, can help in design-
ing and forecasting the activity of novel antihypertensive
molecules.

2. Materials andMethods

2.1. Data Set for Analysis. In the present study, a series of
3H-1,-2,-4 triazolinone aryl and nonaryl substituents (Table
1) having inhibitory potency towards angiotensin II AT1
receptor antagonists was used as the model data set [51].
e biological activity values [IC50] reported in the literature
were converted to their molar units and then converted to
negative logarithmic scale (pIC50) and subsequently used
as the dependent variable for the QSAR analysis. Table 1
shows the structure of 55 such compounds along with their
biological activity values. e strategy for the selection of
compounds to be included in the test set was a random
selection of compounds that exhibited a varied range of
inhibitory activities and structural diversities.

2.2.Molecular Structure Generation. emolecular structure
of all the 55 molecules was sketched using VLife MDS
3.5 soware [52] in the 2D builder module and then the
structures were converted to 3D space for further analysis. All
the compounds were batch optimized for the minimization
of energies and geometry optimization using Merck molec-
ular force �eld (MMFF) followed by considering distance-
dependent dielectric constant of 1.0, convergence criterion or
root-mean-square (RMS) gradient at 0.01 kcal/mol Å, and the
iteration limit to 10,000 [53].

2.3. Selection of Training and Test Set. e dataset of 55
molecules was divided into training and test set by sphere
exclusion (SE) method with pIC50 activity �eld as depen-
dent variable and various 3D descriptors calculated for the
compounds as independent variables. Selection of molecules
in the training set and test is a key and important feature
of any QSAR model. erefore, care was taken in such a
way that biological activities of all compounds in test set lie
within the maximum andminimum value range of biological
activities of training set of compounds. e sphere exclusion
method [54, 55] was adopted for division of training and
test data set comprising of 40 and 15 molecules, respectively,
with a dissimilarity value of 16.8. Sphere exclusion method
was adopted for division of training and test set. is is
a rational selection method which takes into consideration
both biological and chemical space for division of dataset.
Dissimilarity value provides handle to vary train/test set size.
It needs to be adjusted by trial and error until a desired
division of train and test set is achieved. As a rule, increase
in dissimilarity value will lead to increase in number of
molecules in the test set.

2.4. Group-Based QSAR. Group-based QSAR allows estab-
lishing a correlation of chemical group/fragment variation
at different molecular sites of interest with the biologi-
cal activity. e proposed Group-basedQSAR methodology
allows ease of interpretation unlike any conventional QSAR
method which could only suggest important descriptors but
does not re�ect the site where it has to be optimized for
design of new molecules [56, 57]. Fragmentation is done by
applying speci�c chemical rules for breaking the molecules
along speci�c bonds and/or bonds on ring fusion and/or any
pharmacophoric feature such as hydrogen bond acceptor,
hydrogen bond donor, hydrophobic group, charged group,
and so forth.

Group-based descriptors were calculated for various
groups present at different substitution sites of the molecules
(i.e., Fragments R1, R2, andR3).e removal of the invariable
group descriptors resulted in a total of 480 group descriptors
which can be used further. Since the same descriptors
are calculated for various groups at different sites, the
following nomenclature is used for naming a descriptor at
a particular position, for example R1_smr represents the
molar refractivity of the group present at substitution site
R1. Established 2D descriptors like chi indices, valence-
based chi indices, electrotopological indices, Baumann align-
ment independent topological descriptors, rotatable bonds,
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T 1: e structures of triazolinone aryl and nonaryl derivatives with their activities.
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S. No. R1 R2 IC50
a pIC50

b Training/test set
1 n-Bu H 22 1.342 Training
2 n-Bu 2-CH3 4.1 0.612 Training
3 n-Bu 2-Cl 2.4 0.38 Training
4 n-Bu 2-NO2 0.85 −0.07 Training
5 n-Bu 2-OCH3 6.6 0.819 Training
6 n-Bu 3-CH3 18 1.255 Test
7 n-Bu 3-Cl 120 2.079 Test
8 n-Bu 3-NO2 43 1.633 Training
9 n-Bu 3-OCH3 15 1.176 Training
10 n-Bu 4-CH3 16 1.204 Test
11 n-Bu 4-Cl 69 1.838 Training
12 n-Bu 4-NO2 80 1.903 Training
13 n-Bu 4-OCH3 5 0.698 Training
14 n-Bu 4-C2H5 27 1.431 Training
15 n-Bu 4-F 21 1.322 Test
16 n-Bu 4-COOCH3 33 1.518 Training
17 n-Bu 2-𝑖𝑖-C3H7 1.4 0.146 Training
18 n-Bu 2-Phenyl 3.6 0.556 Training
19 n-Bu 2-CH2Phenyl 11 1.041 Training
20 n-Bu 2-F 7.7 0.886 Training
21 n-Bu 2-Br 2 0.301 Test
22 n-Bu 2-CF3 1.2 0.079 Test
23 n-Bu 2-COOCH3 5.6 0.748 Training
24 n-Bu 2-COOH 115 2.06 Training
25 n-Bu 2-NH2 100 2.00 Training
26 n-Bu 2-N(CH3)2 3.2 0.505 Test
27 n-Bu 2,6-Cl2 5.8 0.763 Training
28 n-Bu 2-NO2, 4-OCH3 0.74 −0.1307 Training
29 n-Bu 2,3,4,5,6-F5 17 1.230 Training
30 n-Pr 2-Cl 14 1.146 Test
31 n-Pentyl 2-Cl 5.7 0.755 Training
32 n-Pr 2-NO2 9.5 0.977 Test
33 n-Pentyl 2-NO2 0.93 −0.0315 Training
34 n-Bu 2-pyridyl 79 1.897 Training
35 n-Bu H 60 1.778 Training
36 n-Bu CH3 70 1.845 Test
37 n-Bu C2H5 10 1.000 Training
38 n-Bu C3H7 8.2 0.913 Training
39 n-Bu C4H9 2.9 0.462 Test
40 n-Bu 𝑖𝑖-propyl 7.7 0.886 Training
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T 1: Continued.
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S. No. R1 R2 IC50
a pIC50

b Training/test set
41 n-Bu 𝑖𝑖-butyl 3.2 0.505 Test
42 n-Bu 𝑠𝑠-butyl 1.8 0.255 Training
43 n-Bu CH2COOCH3 17 1.23 Training
44 n-Bu Benzyl 4.6 0.662 Test
45 n-Bu CH2 (c-Hexane) 2.9 0.462 Training
46 n-Bu (2-CH3) benzyl 11 1.401 Test
47 n-Bu (3-CH3) benzyl 12 1.079 Training
48 n-Bu (𝛼𝛼-CH3) benzyl 4.9 0.69 Training
49 n-Bu (2-COOCH3) benzyl 11 1.041 Test
50 n-Bu (3-COOCH3) benzyl 110 2.041 Training
51 n-Bu (4-COOCH3) benzyl 23 1.361 Training
52 n-Bu (𝛼𝛼-COOCH3) benzyl 12 1.079 Training
53 n-Bu (2-COOH) benzyl 490 2.690 Training
54 n-Bu (𝛼𝛼-COOH) benzyl 68 1.832 Training
55 n-Bu CH2C6F6 6 1.505 Training
a
IC50 or inhibition of speci�c binding of [ 125I-rabbit aorta Ang II AT1 receptor.

b−log IC50 to generate equation.

and/or other 3D alignment independent descriptors like
dipole moment, Polar Surface Area (PSA), and so forth for
various fragments present in each molecule in the series. In
this study, a simulated annealing coupled withmultiple linear
regression SA-MLR resulted in a signi�cant �-QSAR model
with descriptors.

2.5. 3D QSAR Studies Using 𝑘𝑘-Nearest Neighbour

2.5.1. Alignment of Molecules. emolecular alignment util-
ity can be used to study the shape variation with respect to
the base structure selected for alignment. is is an attempt
to identify the best overlapping between the structures of
molecules. e most critical input for the 3D-QSAR model-
ing is the alignment of the molecules. Energy minimized and
geometry-optimized structures of molecules were aligned by
the template-based method [58], where a template structure
is de�ned and used as a basis for alignment of a set of
molecules, and a reference molecule is chosen on which the
other molecules of the data set get aligned considering the
chosen template. e template structure, that is, triazolinone
ring, was used for the alignment by considering the common
elements of the series as shown in Figure 1(a). e reference
molecule is chosen in such a way that it is the most active
among the series of molecules considered. e compound

28 possessed very high angiotensin II AT1 receptor activity
which made it a valid lead molecule and, therefore, was
chosen as a reference molecule. Aer optimising, the tem-
plate structure and the reference molecule were used to
superimpose all molecules from the series using the template
alignment method in VLife MDS 3.5 soware [52] to obtain
optimal alignment between the molecular structures neces-
sary for ligand-receptor interactions. e superimposition of
all molecules based on minimising RMS deviation is shown
in Figure 1(b).

Molecular �elds are the steric, electrostatic, and hydro-
phobic �elds interaction energies which are used to formulate
a relationship between steric and electrostatic properties
together with the biological activities of compounds. Each
conformation is taken in turn and themolecular �elds around
it are calculated. is is done by generating 3D rectangular
grids around the molecule and calculating the interaction
energy between the molecule and probe group placed at
each grid point. e ma�or steps of molecular �eld analysis
are (1) generating conformers and energy minimization;
(2) matching atoms with template structure and aligning
molecules against reference molecule using default option;
(3) setting MFA preferences (rectangular grid with 2Å step
size, charges by MMFF, CH3 as probe); (4) creating the �eld
[59].
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(a) (b)

F 1: (a) Template for the superposition of the rest of the molecules. (b) Stereoview of all the aligned molecules.

2.5.2. Calculation of 3D Descriptors. To derive the 𝑘𝑘-nearest
neighbour-MFA descriptor �elds, a 3D cubic lattice with grid
spacing of 2Å in 𝑥𝑥, 𝑦𝑦, and 𝑧𝑧 dimensions was created to
encompass the aligned molecules. �sing Tripos force �eld
[60] and Gasteiger andMarsili charge type [61], electrostatic,
steric and hydrophobic �eld descriptors were calculated. e
dielectric constant was set to 1.0 considering the distance
dependent dielectric function probe setting was carbon atom
with charge 1.0. is resulted in calculation of 3600 �eld
descriptors (1,200 for each electrostatic, steric and hydropho-
bic) for all the compounds in separate columns. ey repre-
sent area in space where steric, electrostatic, and hydrophobic
�eld interactions are responsible for the observed variation of
the biological activity.

2.5.3. 𝑘𝑘-Nearest Neighbour with Simulated Annealing Method.
3DQSAR studies were carried out by 𝑘𝑘-nearest neighbour
method using simulated annealing method. e 𝑘𝑘-nearest
neighbour methodology relies on a simple distance learning
approach whereby an unknown member is classi�ed accord-
ing to the majority of its 𝑘𝑘-nearest neighbours in the training
set. e standard kNN method is implemented simply as
follows:

(1) calculate the distances between an unknown object
(𝑢𝑢) and all the objects in the training set;

(2) select 𝑘𝑘 objects from the training set most similar to
object 𝑢𝑢, according to the calculated distances; and

(3) classify object 𝑢𝑢 with the group to which the majority
of the 𝑘𝑘 objects belongs [62, 63]. An optimal 𝑘𝑘 value
is selected by optimization through the classi�cation
of a test set of samples or by leave-one-out cross-
validation.

e variables and optimal 𝑘𝑘 values were chosen using
stepwise variable selection method. is method employs a
stepwise variable selection procedure combined with kNN to
optimize

(i) the number of nearest neighbors (𝑘𝑘) and
(ii) the selection of variables from the original pool.

e step-by-step search procedure begins by developing
a trial model with a single independent variable and adds
independent variables, one step at a time, e�amining the �t of
the model at each step (using weighted kNN cross-validation
procedure). e method continues until there are no more
signi�cant variables remaining outside the model. �nce the
training and test sets were generating, kNNmethodology was
applied to the descriptors generated over the grid. e steric,
electrostatic, and hydrophobic energies were computed at
the lattice points of the grid using a methyl probe of charge
+1. ese interaction energy values were considered for
relationship generation and utilized as descriptors to decide
the nearness between molecules.

Simulated annealing [64] is the simulation of a physical
process, “annealing,” which involves heating the system to
a high temperature and then gradually cooling it down
to a preset temperature (e.g., room temperature). During
this process, the system samples possible con�gurations
distributed according to the Boltzmann distribution so that
at equilibrium, low energy states are the most populated
[65]. e Simulated annealing method employs the 𝑘𝑘-nearest
neighbour classi�cation principle combined with the simu-
lated annealing variable selection procedure. e simulated
annealing 𝑘𝑘-nearest neighbour-MFA can be summarized as
follows.

(i) Generate a trial solution to the underlying opti-
mization problem; that is, a 𝑘𝑘-nearest neighbour-
MFA model is built based on a random selection of
descriptors.

(ii) Calculate the value of the �tness function, which
characterizes the quality of the trial solution to the
underlying problem, that is, the 𝑞𝑞2 value for a 𝑘𝑘-
nearest neighbour-MFA model.

(iii) Perturb the trial solution to obtain a new solution,
that is, change a fraction of the current trial solution
descriptors to other randomly selected descriptors
and build a new 𝑘𝑘-nearest neighbour-MFA model for
the new trial solution.

(iv) Calculate the value of the �tness function (𝑞𝑞2 new) for
the new trial solution.
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(v) Apply the optimization criteria: if 𝑞𝑞2 curr ≤ 𝑞𝑞2 new
the new solution is accepted and used to replace the
current trial solution; if 𝑞𝑞2 curr > 𝑞𝑞2 new, the new
solution is accepted only if the Metropolis criterion is
satis�ed; that is,

rnd < 𝑒𝑒−(𝑞𝑞
2 curr−𝑞𝑞2 new)/𝑇𝑇, (1)

where rnd is a random number uniformly distributed
between 0 and 1 and𝑇𝑇 is a parameter analogous to the
temperature in the Boltzmann distribution.

(vi) Steps 3–5 are repeated until the termination condition
is satis�ed. e temperature-lowering scheme and
the termination condition used in this work have
been adapted [66, 67] us, when a new solution
is accepted or when a preset number of successive
steps of generating trial solutions (20 steps) do not
lead to a better result, the temperature is lowered by
10% (the default initial temperature is 1000K). e
calculations are terminated, when either the current
temperature of simulations reaches 10−6 Kor the ratio
between the current temperature and the temperature
corresponding to the best solution found equal 10−6.

e Group based QSAR and 3D 𝑘𝑘-nearest neighbour
model was generated by multiple linear regressions. It relates
the dependent variable 𝑌𝑌 (biological activity) to a number of
independent variables𝑋𝑋 (molecular descriptor) by using lin-
ear equations.is method of regression estimates the values
of the regression coefficients by applying least square curve
�tting method. MLR is based on least squares: the model
is �t such that sum-of-squares of di�erences of observed
and a predicted value is minimized. Multiple regressions
are the standard method for multivariate data analysis. It is
also called as ordinary least squares regression (OLS). is
method of regression estimates the values of the regression
coefficients by applying least squares curve �tting method.
For getting reliable results, dataset having typically �ve times
as many data points (molecules) as independent variables
(descriptors) is required [68]. e regression equation takes
the following form:

𝑌𝑌 𝑌 𝑌𝑌𝑌 𝑌 𝑌𝑌𝑌 𝑌 𝑌𝑌2 𝑌 𝑌𝑌2 𝑌 𝑌𝑌𝑌 𝑌 𝑌𝑌𝑌 𝑌 𝑌𝑌, (2)

where 𝑌𝑌 is the dependent variable, the “𝑌𝑌”s are regression
coefficients for corresponding “𝑌𝑌”s (independent variable),
and “𝑌𝑌” is a regression constant or intercept.

2.5.4. Cross-Validation. Internal validation was carried out
using leave-one-out (𝑞𝑞2, LOO) method [69]. To calculate 𝑞𝑞2,
each molecule in the training set was sequentially removed,
the model re�t using same descriptors, and the biological
activity of the removed molecule predicted using the re�t
model. e 𝑞𝑞2 was calculated using

𝑞𝑞2 𝑌 𝑌 −
∑ 𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑖𝑖

2

∑ 𝑦𝑦𝑖𝑖 − 𝑦𝑦mean
2 , (3)

where 𝑦𝑦𝑖𝑖 and 𝑦𝑦𝑖𝑖 are the actual and predicted activity of the
𝑖𝑖th molecule in the training set, respectively, and 𝑦𝑦mean is

the average activity of all molecules in the training set. For
external validation, activity of each molecule in the test set
was predicted using the model generated from the training
set. e pred_𝑟𝑟2 value is calculated as follows:

pred_𝑟𝑟2 𝑌 𝑌 −
∑ 𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑖𝑖

2

∑ 𝑦𝑦𝑖𝑖 − 𝑦𝑦mean
2 , (4)

where 𝑦𝑦𝑖𝑖 and𝑦𝑦𝑖𝑖 are the actual and predicted activity of the 𝑖𝑖th
molecule in the test set, respectively, and 𝑦𝑦mean is the average
activity of all molecules in the training set. Both summations
are over all molecules in the test set. us the pred_𝑟𝑟2 value
is indicative of the predictive power of the current model
based on the external test set. e robustness of the models
for training sets was examined by comparing these models to
those derived for random data sets.

2.5.5. Evaluation of Models. e developed QSAR models
are evaluated using the following statistical measures: 𝑛𝑛, the
number of compounds in regression; 𝑘𝑘, number of variables;
DF, degree of freedom; 𝑟𝑟2, the squared correlation coefficient,
𝐹𝐹-test (Fischer�s value) for statistical signi�cance; 𝑞𝑞2, cross-
validated correlation coefficient; pred_𝑟𝑟2, 𝑟𝑟2 for external test
set; value in the randomization test.e regression coefficient
𝑟𝑟2 is a relative measure of �t by the regression equation. For
predicting the activity of a molecule, regression methods use
the following equation:

Activity 𝑌 𝐶𝐶𝑂𝑂 𝑌 𝐶𝐶𝑌𝐷𝐷𝑌 𝑌 𝐶𝐶2𝐷𝐷2 𝑌⋯ 𝑌 𝐶𝐶𝑁𝑁𝐷𝐷𝑁𝑁, (5)

where 𝐶𝐶𝑖𝑖s are coefficients and 𝐷𝐷𝑖𝑖s are descriptors. In the
case of the kNN-MFA method, the activity of a molecule is
predicted using

Activity 𝑌 𝐶𝐶𝑌𝐴𝐴𝑌 𝑌 𝐶𝐶2𝐴𝐴2 𝑌⋯ 𝑌 𝐶𝐶𝑘𝑘𝐴𝐴𝑘𝑘, (6)

where 𝐶𝐶𝑖𝑖s are weights and 𝐴𝐴𝑖𝑖s are activities of the 𝑘𝑘-nearest
neighbours in the training set. e nearest neighbours of
any molecule are obtained from calculating the distance
between the descriptors selected from various variable selec-
tionmethods [68].us, 𝑘𝑘-nearest neighbourMFAprediction
uses an interpolative method, and hence predicted activities
of new designed molecules will be within the range of
activities of molecules in training set. Since the 𝑘𝑘-nearest
neighbour method is based on distances of descriptors, their
interpretation is quite difficult compared to the regression
models.

2.6. Pharmacophore Mapping Studies. A pharmacophore
model is a set of three-dimensional features that are necessary
for bioactive ligands. us, it makes sense to align molecules
based on features that are responsible for bioactivity. is
study was performed using the soware package VLife MDS
3.5mol sign module is used for the identi�cation, generation
and analysis of pharmacophore by aligning small organic
molecules based on their 3D pharmacophore features. All 55
aligned molecules were taken for pharmacophore develop-
ment. Select the most active molecule to set it as reference.
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T 2: Unicolumn statistics of training and test set for QSAR study.

Set Average Max Min Std. Dev Sum
Training 4.7921 6.8403 5.2847 0.6398 131.547
Test 4.2451 6.1024 5.1074 0.6382 68.4793

e reference molecule is the molecule on which the other
molecules of the align dataset get aligned. For �ve point
pharmacophore identi�cation, tolerance limit is set up to
30Å and max distance allowed between two features, set the
value to 5Å [68].

3. Results and Discussion

Group based-QSAR equations were selected by optimizing
the statistical results generated along with variation of the
descriptors in these models. A UniColumn statistics for
training set and test set were generated to check correctness of
selection criteria for trainings and test setmolecules (Table 2).
e maximum and minimum value in training and set were
compared in a way that

(1) the maximum value of pIC50 of test set should be less
than or equal to maximum value of pIC50 of training
set,

(2) the minimum value of pIC50 of test set should be
higher than or equal to minimum value of pIC50 of
training set.

is observation showed that test set was interpolative
and derived within the minimum-maximum range of train-
ing set. e mean and standard deviation of pIC50 values of
sets of training and test provide insights to relative difference
of mean and point density distribution of two sets. e mean
of the test sets were higher than the train sets which indicates
the presence of relatively more active molecules as compared
to the inactive ones. To ensure a fair comparison, the same
training and test setswere used for eachmodel’s development.
Group based-QSAR models involving fragment descriptors
and their interactions (cross terms) were developed. Some
statistically signi�cantGroup based-QSARmodels are chosen
for discussion.

pIC50 = −0.3334 (±0.0345) R1chiV1 + 0.4167 (±0.0698)
R2T_N_O_3 + 0.8631 (±0.1763) R2 Chlorines Count
+ 0.4572 (±0.0123) R2 T_C_N_4 + 0.7922 (±0.1842)
R2SssNHE-index.

𝑁𝑁traning = 40, 𝑁𝑁test = 15, DF = 38, 𝑟𝑟2 = 0.8357, 𝑞𝑞2 =
0.7266, 𝐹𝐹 test = 39.631, 𝑞𝑞2_se = 0.4863, pred_𝑟𝑟2 = 0.8138,
pred_𝑟𝑟2se = 0.3047.

e statistically best signi�cant model 1 shows good
squared correlation coefficient (𝑟𝑟2) of 0.8357 explains 83.57%
variance in biological activity. is model also indicates
statistical signi�cance >99.9% with 𝐹𝐹 values 𝐹𝐹 = 3𝐹.631.
Cross-validated squared correlation coefficient of this model
was 0.7266, which shows the good internal prediction power
of this model. e contributing descriptor in part-R1 is
molecular connectivity indices descriptors such as R1chiV1

(∼34.93%) which measures the valence molecular connectiv-
ity index of 1st order. e negative coefficient of the molec-
ular connectivity index descriptors (ChiV1) in the models
suggest that the increase in branching in the molecule and
the presence of heteroatoms increases the activity. e most
contributing descriptor in part-R2 is R2 Chlorines Count
(∼13.77%), suggesting that the presence of substituent with
chlorine on the R2 site ring position will lead to an increase
in activity. e other contributing descriptor in part-R2 is
R2T_N_O_3, and R2SssNHE-index is directly contributing
to the activity, suggesting that increase in these descriptors of
fragment R2 may lead to an increase in the antihypertensive
activity. is descriptor means the count of pair of any
nitrogen atom and any oxygen atom separated by three bond
distance, for example, N–C–C–C–O. As a positive contribut-
ing descriptor (∼12%), T_N_O_3 indicates the presence of
triazolinone ring at the R2 position of the scaffold would
lead to a positive effect on the antihypertensive activity. e
next positive contributing (∼9.21%) descriptor T_2_N_4 is
the number of atoms separated from the nitrogen atom by
four bonds, indicating that the presence of substituents with
nitrogen atoms (e.g., –NO2, –N(CH3)2), at the ring in the
R2 position will lead to a positive effect on the activity [11,
70]. e other descriptor contributing is R2SssNHE-index
which shows the importance of suggesting that the increase in
electronegative atom environment adjacent to indicated –NH
atom (i.e., SssN type) would result (∼10%) in increase in the
activity at 𝑅𝑅2 position.e activity Contribution chart for G-
QSAR model is shown in Figure 2(a) and plots of observed
versus predicted values of pIC50 are shown in Figure 2(b).e
predicted (LOO) activities of the compounds by the above
models is shown in Table 3.

pIC50 = +0.6689 (±0.0117) R2 polar surface area exclud-
ing P & S + 0.4681 (±0.0356) R1H-Count + 0.2625 (±0.0011)
R2T_2_N_4 −0.3689 (±0.1770) R2S log P + 0.0317.

𝑁𝑁traning = 40, 𝑁𝑁test = 15, DF = 35, 𝑟𝑟2 = 0.8286, 𝑞𝑞2 =
0.7618, 𝐹𝐹 test = 35.3584, 𝑟𝑟2se = 0.1236, 𝑞𝑞2se = 0.1733,
pred_𝑟𝑟2 = 0.7905, pred_𝑟𝑟2se = 0.3268, 𝑍𝑍Score Q2 = 2.85744,
Best Rand Q2 = 1.78893.

Model 2 generated using the SA-MLR method with
0.7884 as the coefficient of determination (𝑟𝑟2) was considered
model using the same molecules in the test and training
sets as in G-QSAR. e statistical models for angiotensin
AT1 receptor activity with internal predictive power (𝑞𝑞2 =
0.7618) of 76% and a predictivity for the external test set
(pred_𝑟𝑟2 = 0.7905) of about 79%.e contributing descriptor
in part-R1 is H-Count is a type of element count descriptor
showing the number of hydrogen atoms in a compound,
suggesting double, triple, or aromatic substituent over alkyl
substituent of fragment R1 may lead to an increase in
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T 3: Comparative observed and predicted activities (LOO) of triazolinone aryl and nonaryl by best 3D-QSAR models.

Com pIC50
G-QSAR model 1 G-QSAR model 2 G-QSAR model 3 SA-kNN model 4
Pred. Res. Pred. Res. Pred. Res. Pred. Res.

1 1.342 1.192 0.15 1.148 0.194 1.125 0.217 1.225 0.117
2 0.612 0.958 −0.346 0.586 0.026 0.631 −0.019 0.517 0.095
3 0.38 0.418 −0.038 0.341 0.039 0.313 0.067 0.354 0.026
4 −0.07 −0.018 −0.052 −0.031 −0.039 −0.025 −0.045 −0.048 −0.022
5 0.819 0.851 −0.032 0.795 0.024 0.834 −0.015 0.763 0.056
6 1.255 1.285 −0.03 1.057 0.198 1.107 0.148 1.074 0.181
7 2.079 2.176 −0.097 1.928 0.151 1.862 0.217 1.897 0.182
8 1.633 1.582 0.051 1.475 0.158 1.487 0.146 1.482 0.151
9 1.176 1.245 −0.069 1.057 0.119 1.182 −0.006 1.116 0.06
10 1.204 1.235 −0.031 1.152 0.052 1.194 0.01 1.263 −0.059
11 1.838 1.907 −0.069 1.789 0.049 1.812 0.026 1.749 0.089
12 1.903 1.986 −0.083 1.745 0.158 1.782 0.121 1.856 0.047
13 0.698 0.729 −0.031 0.595 0.103 0.682 0.016 0.707 −0.009
14 1.431 1.45 −0.019 1.362 0.069 1.382 0.049 1.332 0.099
15 1.322 1.371 −0.049 1.263 0.059 1.206 0.116 1.194 0.128
16 1.518 1.582 −0.064 1.404 0.114 1.318 0.2 1.354 0.164
17 0.146 0.174 −0.028 0.119 0.027 0.034 0.112 0.163 −0.017
18 0.556 0.465 0.091 0.383 0.173 0.364 0.192 0.533 0.023
19 1.041 0.987 0.054 0.964 0.077 1.026 0.015 1.132 −0.091
20 0.886 0.914 −0.028 0.803 0.083 0.795 0.091 0.839 0.047
21 0.301 0.288 0.013 0. 219 0.082 0.291 0.01 0.232 0.069
22 0.079 0.112 −0.033 0.087 −0.008 0.016 0.063 0.017 0.062
23 0.748 0.719 0.029 0.663 0.085 0.618 0.13 0.706 0.042
24 2.060 2.137 −0.077 1.896 0.164 1.923 0.137 1.904 0.156
25 2.000 1.899 0.101 1.938 0.062 2.043 −0.043 1.813 0.187
26 0.505 0.489 0.016 0.446 0.059 0.382 0.123 0.516 −0.011
27 0.763 0.786 −0.023 0.722 0.041 0.615 0.148 0.679 0.084
28 −0.13 −0.069 −0.061 −0.075 −0.055 −0.098 −0.032 −0.112 −0.018
29 1.23 1.336 −0.106 1.29 −0.06 1.295 −0.065 1.166 0.064
30 1.146 1.186 −0.04 1.023 0.123 1.165 −0.019 1.121 0.025
31 0.755 0.693 0.062 0.614 0.141 0.579 0.176 0.726 0.029
32 0.977 0.931 0.046 0.865 0.112 1.083 −0.106 0.926 0.051
33 −0.031 −0.016 −0.015 −0.059 0.028 −0.021 −0.01 −0.071 0.04
34 1.897 1.853 0.044 1.824 0.073 1.813 0.084 1.917 −0.02
35 1.778 1.793 −0.015 1.681 0.097 1.691 0.087 1.644 0.134
36 1.845 1.863 −0.018 1.807 0.038 1.715 0.13 1.767 0.078
37 1.000 0.944 0.056 1.042 −0.042 0.959 0.041 0.911 0.089
38 0.913 0.879 0.034 0.873 0.04 0.817 0.096 0.882 0.031
39 0.462 0.387 0.075 0.398 0.064 0.487 −0.025 0.408 0.054
40 0.886 0.765 0.121 0.976 −0.09 0.798 0.088 0.834 0.052
41 0.505 0.486 0.019 0.349 0.156 0.518 −0.013 0.471 0.034
42 0.255 0.218 0.037 0.181 0.074 0.272 −0.017 0.164 0.091
43 1.23 1.183 0.047 1.072 0.158 1.363 −0.133 1.15 0.08
44 0.662 0.653 0.009 0.617 0.045 0.591 0.071 0.585 0.077
45 0.462 0.421 0.041 0.269 0.193 0.327 0.135 0.363 0.099
46 1.401 1.372 0.029 1.279 0.122 1.312 0.089 1.366 0.035
47 1.079 1.024 0.055 0.947 0.132 0.994 0.085 0.961 0.118
48 0.69 0.641 0.049 0.624 0.066 0.608 0.082 0.586 0.104
49 1.041 1.169 −0.128 0.931 0.11 0.949 0.092 0.879 0.162
50 2.041 1.954 0.087 1.883 0.158 1.963 0.078 1.913 0.128
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T 3: Continued.

Com pIC50
G-QSAR model 1 G-QSAR model 2 G-QSAR model 3 SA-kNN model 4

Pred. Res. Pred. Res. Pred. Res. Pred. Res.
51 1.361 1.317 0.044 1.376 −0.015 1.227 0.134 1.183 0.178
52 1.079 1.134 −0.055 1.121 −0.042 0.964 0.115 0.868 0.211
53 2.69 2.631 0.059 2.465 0.225 2.539 0.151 2.576 0.114
54 1.832 1.798 0.034 1.763 0.069 1.782 0.05 1.693 0.139
55 1.505 1.463 0.042 1.361 0.144 1.476 0.029 1.361 0.144
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F 2: (a) Contribution charts of the descriptors for the model 1. (b) Graph of Actual and predicted activities of the training and test set
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(f) Graph of Actual and predicted activities of the training and test set GQSAR model 3 (◆-Training set, ▴-test set).
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the activity. e contributing descriptor in part-R2 is R2
polar surface area excluding P and S (i.e., phosphorus and
sulfur) plays a most important role in determining activity in
fragment R2. is descriptor signi�es the total polar surface
area excluding phosphorus and sulphur. is suggests that
substituents such as –OH and –COOH would increase the
antihypertensive activity. e descriptor R2SlogP in model
represents to signify log of the octanol/water partition coef-
�cient (including implicit hydrogen) which is a measure of
the lipophilicity of the molecule. e descriptor is negatively
correlated with biological activity in the QSARmodels which
suggests that decreasing the lipophilicity of the compounds
will lead to increase in the antihypertensive activity. e
activity contribution chart for GQSAR model is shown in
Figure 2(c) and plots of observed versus predicted values
of pIC50 are shown in Figure 2(d). e predicted (LOO)
activities of the compounds by the above models is shown in
Table 3.

pIC50 = −0.4874 (±0.0763) R2SsSHcount + 0.8435
(±0.0543) R1SdsCHcount + 0.3623 (±0.2569) R2SddsN
(nitro) count +0.0069.

𝑁𝑁traning = 40,𝑁𝑁test = 15, DF = 31, 𝑟𝑟2 = 0.6472, 𝑞𝑞2 = 0.5521,
𝐹𝐹 test = 18.746, 𝑟𝑟2_se = 0.3984, 𝑞𝑞2_se = 0.2085, pred_𝑟𝑟2 =
0.6084, pred_𝑟𝑟2se = 0.3781.

Model 3 shows good squared correlation coefficient (𝑟𝑟2)
of 0.6472 explains 64% variance in biological activity.e low
standard error of 𝑟𝑟2_se = 0.3984 demonstrates accuracy of
the model. is model also indicates statistical signi�cance
>99.9% with 𝐹𝐹 values 𝐹𝐹 = 18.746. Cross validated squared
correlation coefficient of this model was 0.5521, which shows
the good internal prediction power of this model. Another
parameter for predictivity of test set compound is high
pred_𝑟𝑟2 = 0.6084 and low pred_𝑟𝑟2se = 0.3781, which is
showing good external predictive power of the model. e
contributing descriptor in part-R1 is R1SdsCHcount indices
for number of –CH group connected with one double and
one single bond in a molecule. is is the positively con-
tributing toward antihypertensive activity and it contributes
approx 12%. It suggests that increase in length of –CH atoms
chain on that substitution site is favorable for the activity.
Model 3 reveals that the contributing descriptor in part-
R1 is descriptor R2SsSHcount plays most important role
with (∼36%) the total number of –SH group connected with
one single bond in determining antihypertensive activity.
e next most important factor in�uencing activity variation
is R2SddsN (nitro) count in the molecule and is inversely
proportional to the activity and suggests the total number
of nitro group connected with one single and two double
bonds R2 position will lead to improved antihypertensive
activity. e activity contribution chart for QSAR model is
shown in Figure 2(e) and plots of observed versus predicted
values of pIC50 are shown in Figure 2(f).epredicted (LOO)
activities of the compounds by the above models are shown
in Table 3.

For a better understanding of the QSAR models of such
1, -2, -4 triazolinone compounds, an attempt to generate a
3D-QSARmodels has also been made.e kNNMFAQSAR
method explores formally the active analogue approach

which implies that compounds display similar pro�les of
pharmacological activities. In thismethod the activity of each
compound is predicted as average activity of 𝑘𝑘 most chemi-
cally similar compounds from that data set. e predictive
ability of this simulated annealing 𝑘𝑘-nearest neighbour MFA
model was evaluated by predicting the biological activities of
the test set molecules.

pIC50 = −1.8421 − S_305 (−0.0182, −0.0112) + H_1193
(0.2863, 0.3924) − S_381 (−0.0640, −0.0344) − E_430
(−8.6560, −2.3329).

𝑘𝑘-nearest neighbour = 4,𝑁𝑁traning = 40,𝑁𝑁test = 15, DF = 38,
𝑞𝑞2 = 0.7461,𝐹𝐹 test = 69.631, 𝑞𝑞2_se = 0.4863, pred_𝑟𝑟2 = 0.7790,
pred_𝑟𝑟2se = 0.3047, 𝑍𝑍Score Q2 = 3.7446.

e 𝑘𝑘-Nearest Neighbour-MFA QSAR method explores
formally the active analogue approach which implies that
compounds display similar pro�les of pharmacological activ-
ities. In this method, the activity of each compound is
predicted as average activity of 𝑘𝑘 most chemically similar
compounds from the data set. e predictive ability of this
simulated annealing 𝑘𝑘-nearest neighbour-MFA model was
evaluated by predicting the biological activities of the test
set molecules. For the series of 3H-1,-2,-4 triazolinone aryl
and nonaryl substituents, the template-based model yielded
validation (𝑞𝑞2) and cross validation (pred_𝑟𝑟2) values of 0.7461
and 0.7790, respectively.e LOO cross-validated analysis of
the best model gave rise to a 𝑞𝑞2 value of 0.7461 suggesting
that themodel is a useful tool for predicting anti-hypertensive
activities. e correlation coefficient between the calculated
and experimental activities amounts to a value of 0.8036
with an SE of 0.1895. e descriptors S_305, H_1193, S_381,
and E_430 are the steric, electrostatic, and hydrophobic �eld
energy of interactions between probe (CH3) and compounds
at their corresponding spatial grid points of 305, 1193,
381, and 430. ese points suggested the signi�cance and
requirement of hydrophobic and steric properties as men-
tioned in the ranges in parenthesis for SAR and maximum
biological activities of triazolinone analogues. e graphical
representations and model summary of 𝑘𝑘-nearest neighbour-
MFA results for angiotensin II AT1 antagonists inhibitors
are shown in Figure 3(a). e predicted activities of the
compounds by the above model are shown in Table 3. In
3D-QSAR studies, 3D data points generated triazolinone
pharmacophore were used to optimize the electrostatic and
steric requirements of the triazolinone nucleus for the anti-
hypertensive activity. From 3D-QSAR model, it is observed
that electrostatic descriptor like E_430 (−8.6560, − 2.3329)
which indicates that substitution involving electron de�cient
group is preferred for substitution at R2 position, the chlorine
and nitro substituted compound can show potent activity.
e electrostatic interaction at lattice point E_430 is neg-
atively contributing, which means substitution of electron
withdrawing groups on the ring of triazolinone can increase
the antihypertensive activity and hence less electronegative
substituent group is preferred in that region. Other steric
descriptors S_305 and S_381 with negative coefficients indi-
cate the regions, where less bulky group substitutions are
preferable for better antihypertensive activity. Positive values
in �eld descriptor indicated the requirement of positive
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F 3: (a) Stereoview of the best SA-MLR corresponding to 3D model. (b) Graph of Actual and predicted activities of the training and
test set 3D model (◆-Training set, ▴-test set). (c) Aligned biopharmacophore model. (d) Best distance biopharmacophore model.

hydrophobic potential for enhancing the biological activity
of triazolinone analogues. erefore more hydrophobic sub-
stituents such as –C6H11, –C6H5, –C(CH3)3, –CF3, –CH3
[71] were preferred at the position of generated data point
H_1193 around triazolinonemoiety.e plot of actual versus
predicted activity for the training and test sets of compounds
the cases are represented in Figure 3(b). e plot of observed
versus predicted activity provides an idea about how well the
model was trained and how well it predicts the activity of the
external test set.

e pharmacophore mapping was carried out to map
the chemical features or functional groups present in the
reported compounds and screened the new molecules from
specs database. Selected pharmacophore shows �ve chemical
features which were present in all aligned 55 molecules
(Figure 3(c)). e information shows that the �ve features
used were two HAc feature (hydrogen bond acceptor), two
AroC feature (Aromatic), and one negative ionizable feature.
e average RMSD of the pharmacophore alignment of
each two molecules is 0.3174Å. From distance geometry
studies of the pharmacophore, it is clear that for optimum
factor activity, the distance between the two hydrogen bond
acceptor features should be about 4.683Å and 3.094Å while
the distance between the aromatic feature in biphenyl moiety.
Another distance between the hydrogen bond acceptor fea-
tures and negative ionizable should be about 8.390Å, while

the distance between the hydrophobic and negative ionizable
feature should be 6.300Å (Figure 3(d)).

4. Conclusion

Molecular modeling studies were performed to design new
more potent compounds to inhibit 3H-1,-2,-4 triazolinone
aryl and nonaryl substituents for antihypertensive activity. In
the present Group based QSAR studies investigation, all pro-
posed QSAR models were statistically signi�cant. However
Group based QSARmodel by coupled with simulated anneal-
ing with MLR a could be considered as best one in terms of
excellent internal and external predictive abilities. 𝑘𝑘-nearest
neighbour 3D QSAR was performed on the same series to
correlate the effects of steric, electrostatic, and hydropho-
bic parameters with the activity using simulated annealing
method.e �ndings of 3DQSAR studies provided the over-
all substitution pattern (electrostatic, steric, and hydrophobic
�elds) re�uired around the 3H-1,-2,-4 triazolinone aryl and
nonaryl substituents. Furthermore, visualization of the 3D-
QSAR model in the context of the molecules under study
provided details of the relationship between structure and
activity and thus provides explicit indications for the design
of better analogues. Pharmacophore mapping was also done
on the conformers of the triazolinone compounds generated
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by the MolSign. Furthermore, we hope that the current study
provides better insight into the designing of more potent
angiotensin II AT1 antagonists as antihypertensive agent in
the future before their synthesis.
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