SHORT NOTES

INSIGHT INTO THE STRUCTURAL REQUIREMENTS OF SULFONYL DERIVATIVES
BASED ON TWO AND THREE-DIMENSIONAL DESCRIPTORS: QSAR STUDIES
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ABSTRACT

The present work provides the rationale to the changes in the structure to have more potent analogs
sulfonyl derivatives were reported to possess potent activity for the angiotensin AT, receptor. We report
here 2D QSAR and k-nearest neighbor molecular field analysis based model for sulfonylureas com-
pounds as AT, receptor. The here k-nearest neighbor contour plots provided further understanding of
the relationship between structural features of substituted sulfonyl derivatives and their activities which
should be applicable to design newer potential AT, receptor .
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INTRODUCTION

The renin-angiotensin system (RAS) plays a key role
in regulating cardiovascular homeostasis and electrolyte
fluid balance in normotensive and hypertensive subjects’.
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 Il, which then interacts with specific receptors
presentin differenttissues?. Two basic types of receptors:
the AT, receptor, responsible for the majority of effects
attributed to this peptide, and the AT, receptor, with a
functional role yet uncertain®. Angiotensins Il are the
regulation of blood pressure through vasoconstriction,
the regulation of volemia through the stimulated release
of vasopressin and aldosterone, which induces saline
retention, and the regulation of the adrenocorticotropic
hormone*. Quantitative structure activity relationship
(QSAR) which has become an accepted tool for
establishing quantitative relationship between biological
activity and descriptors representing physicochemical
properties of the compounds in a series using statistical
methods and it helps to predict the biological activities
of newly designed analogues contributing to the drug
discovery processes®. Many differentapproachesto QSAR
have been developed over the years 7 has led to the
development of 3D structural descriptors and associated
3D QSAR methods. The optimum selection of variables
can be achieved by combining statistical and stochastic
search methods in conjunction with partial least square
(PLS) analysis for model development®®. We report here
2D QSARandkNN-MFA-based stepwise variable selection
QSAR models developed for sulfonylureas derivatives as
angiotensin AT, antagonists. Sphere exclusion method of
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data selection and stepwise forward—backward method of
variable selection'® was found more suitable to generate
these models. The best model can be used for predicting
the biological activity of newly designed analogs prior to
their synthesis.

MATERIALS AND METHODS

The molecular structure of the training set and test
were sketched using V-life MDS (Molecular Design Suite)
™ 3.5 software supplied by V-life Sciences Technologies
Pvt. Ltd., Pune, India''. QSAR studies were performed
on HP computer having genuine Intel Pentium Dual Core
Processor and Windows XP operating system.

Dataset and descriptor generation

In the present study a dataset of 31 molecules of
sulfonylureas derivatives angiotensin AT, reported was
taken for the study'. The biological activity values [IC,,
(nM)] reported in literature were converted to their molar
units and then further to negative logarithmic scale and
subsequently used as the dependent variable for the
QSAR analysis. Table | shows a summary of IC_ along
with the structure of the 31 compounds in the series.

Generation of 2D/3D- Molecular Descriptors

Energy minimization and batch optimization using
Merck Molecular Force Field'?, fixing Root Mean Square
Gradients to 0.01 kcal/mol A. Statistical 2D-QSAR
modelling was carried out as describe in the VLifeMDS
software. Total of 218 2D descriptors were calculated
which encoded different aspects of molecular structure
and consists of electronic, thermodynamic, spatial, and
structural descriptors, e.g., retention index (chi), atomic
valence connectivity index (chiV), path count, chain path
count, dipole moment, different topological descriptors,
element count, estate number, semi-empirical, molecular
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weight, molecular refractivity, logP, and topological
index.

Optimized molecules were aligned (Fig. 1) by
template-based method'* using the most active molecule
as reference molecule 6 as a template. For calculation
of 3D field descriptor values, using Tripos force field,
electrostatic, steric and hydrophobic field types, with cut-
offs of 10.0 and 30.0 kcal/mol, respectively, were selected
and charge type was selected as by Gasteigerand Marsilli.
This resultedin calculation of 5100 field descriptors (1700
for each electrostatic, steric and hydrophobic) for all the
compounds in separate columns.

In Stepwise forward-backward variable selection
method (SW)'®'¢, the search procedure begins with
developing a trial model step by step with a single
independent variable and to each step, independent
variables are added one at a time, examining the fit of the
model by using the PLS cross-validation procedure. Thus,
the model is repeatedly altered from the previous one by
adding or removing a predictor variable in accordance
with the ‘stepping criteria’ (in this case, F =4 for inclusion
and F = 3.99 for exclusion for the forward— backward
selection method).

Internal validation was carried out using leave-one-
out (g2, LOO) method'. The g2 was calculated using
the equation which describes the internal stability of a
model.
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Where and are the actual and predicted activity of
the i" molecule in the training set, respectively, andy __
is the average activity of all molecules in the training set.
The predictive ability of the selected model was also
confirmed by external validation of test set compounds
which is also denoted with pred_r2. The pred_r? value is
calculated as follows.
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Where and are the actual and predicted activity
of the i molecule in the training set, respectively,
andy__ isthe average activity of all molecules in the
training set.
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RESULTS AND DISCUSSION

In this work, in order to analyze the structure
activity relationship of these inhibitors and investigate
the structural requirements for AT, receptor. The two-
dimensional models were developed using SW-PLS
method, which show both significant statistical quality
and predictive ability.

pIC,=+0.9136(x0.2013) T_2_N_1-0.5439(+0.1952)
SulfursCount-0.2179(+0.0639) T_C_O_6 + 0.2157
(x0.0907) T_T_O_3+ 0.0910(+0.0352) T_2_N_6

aining = 24, N =7, r’= 0.7632, ¢?= 0.7061, F test
=46.653, r’_se = 0.3044, g>_ se =0.5858, pred_r? =
0.7110.

Model 1 with PLS method coefficient of determination
(r?) =r2=0.7632, is capable of explaining 76 % of variance
in the observed activity values. In accordance with model
1, shows a positive correlation with T_2_N_1, T_T_O_3,
T_2_N_6 and negative contribution SulfursCount,
T_C_0O_6. The graph for model 1 showing observed
versus predicted activity is presented in Fig.2 (a) and
contribution charts of the descriptors for the model 2(b).
As a positive contributing T_2_N_1, T_2_N_6 (count
of number of double bounded atoms (i.e. any double
bonded atom, T_2) separated from nitrogen atom by
1 and 6 bonds respectively plays an important role in
determining activity. The model reveals that the descriptors
T_T_O_8double bounded atoms (i.e. any double bonded
atom, T_T) separated from oxygen atom by 3 bonds in a
molecule plays an important role in determining activity.
Descriptor like sulfurs count number of sulphur atoms in
a compound, T_C_O_6 (the count of number of carbon
atoms separated from oxygen atom by 6 bonds in the
molecule) are inversely proportional to the biological
activity indicated that good values leads to activity. The
correlation matrix is shown in Table Il which shows good
correlation of selected parameters with biological activity.
The observed and predicted plC, along with values are
shown in Table 1.

pIC,,=+1.3261(+0.2822) T_2_
XlogP -0.3408(+0.0786) T_2_|
T 2 C_6

-0.3682(0.0603)
0.0452(+0.0065)

N_1
3 +

wamng = 24, N = 7, = 0.7704, ¢?= 0.6941, F
test =29.069, r2_se = 0.3090, g>_ se =0.3862, pred_
r?=0.6795

Model 2 explains 77.4 % (r’= 0.7704) of the total
variance in the training set as well as it has internal (g?)
and external (pred_r?) predictive ability of 70% and 68%
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Table I: Structure and activity of Imidazolyl biphenyl sulfonylureas

O SO,NHCOR,

Compound-1-17

SCHF,

O SO;NHCOR>2

Compound-18-31

R1

R2

pleob

Traning/Test Set

Bu

NHMe

8.721

Traning Set

Bu

NHEt

9.698

Traning Set

Bu

NHPr

8.920

Traning Set

Bu

NHBu

8.657

Test Set

Bu

NHCH, cHexyl

10

Traning Set

Bu

NHCH,Ph

10

Traning Set

Bu

NHCHPh,

9.397

Traning Set

Bu

NHPh,

8.920

Test Set

© |00 [N |0 |0 |~ W[ |=

Pr

NHcHexyl

9.301

Traning Set

Pr

NHCH_cHexyl

10

Traning Set

Pr

NHCH,Ph

9.698

Test Set

Pr

NHPh

8.638

Traning Set

Pr

NHPh-4-Me

9

Traning Set

Pr

NHCH,-2-Thienyl

10

Traning Set

Pr

NHCH, cPentyl

10

Traning Set

Et

NHCH,Ph

10

Traning Set

Et

NHCH_cHex

Test Set

Bu

Pr

Traning Set

Bu

CH,Ph

Traning Set

Bu

CH_cHexyl

Traning Set

Pr

CH_cHexyl

Test Set

Pr

CH,Ph

Traning Set

Pr

CHMePh

Traning Set

Pr

CH,-Ph-2Cl

Traning Set

Pr

CH,-Ph-4F

Test Set

Pr

Piperonyl

Traning Set

Pr

CH,-2-Naphthyl

Traning Set

Pr

CH,CH2Ph

Traning Set

Pr

CH,CH,CH_Ph

Test Set

Pr

CH,-2-Thienyl

Traning Set

Pr

CH,CH,-2-Thienyl

Traning Set

21C,, of specific binding of ['*°I- Ang IIAT receptor rat liver
b-log IC,, to generate equation.
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Table II: Comparative observed and predicted activities Imidazolyl biphenyl sulfonylureas
derivatives by best QSAR models

piC

50

2D QSAR model 1

2D QSAR model 2

3D QSAR model 3

Pred.

Res.

Pred.

Res.

Pred.

Res.

8.721

8.546

0.175

8.658

0.063

8.605

0.116

9.698

9.512

0.186

9.712

-0.014

9.666

0.032

8.92

8.911

0.009

8.936

-0.016

8.889

0.031

8.657

8.621

0.036

8.683

-0.026

8.569

0.088

10

9.992

0.008

9.983

0.017

9.962

0.038

10

9.981

0.019

10.12

-0.12

9.966

0.034

9.332

0.065

9.223

0.174

9.416

-0.019

8.836

0.084

8.856

0.064

8.967

-0.047

9.258

0.043

9.354

-0.053

9.342

-0.041

9.956

0.044

10.34

-0.34

10.68

-0.68

9.512

0.186

9.736

-0.038

9.802

-0.104

8.614

0.024

8.564

0.074

8.436

0.202

9.263

-0.263

9.286

-0.286

8.991

0.009

9.993

0.007

9.906

0.094

9.036

0.964

10.076

-0.076

9.893

0.107

10.08

-0.08

10.132

-0.132

10.361

-0.361

9.988

0.012

8.796

0.09

8.903

-0.017

8.966

-0.08

9.463

-0.162

9.186

0.115

9.044

0.257

8.796

1.027

9.783

0.04

9.696

0.127

9.589

0.109

9.555

0.143

9.777

-0.079

10.176

-0.022

10.091

0.063

10.099

0.055

9.763

-0.065

9.736

-0.038

9.586

0.112

9.496

0.026

9.621

-0.099

9.599

-0.077

9.587

-0.065

9.488

0.034

9.468

0.054

9.936

0.064

9.886

0.114

9.983

0.017

9.412

0.11

9.373

0.149

9.636

-0.114

10.22

-0.22

9.949

0.051

10.089

-0.089

10.08

-0.08

9.976

0.024

9.961

0.039

9.325

-0.171

9.268

-0.114

9.242

-0.088

10.084

0.07

10.232

-0.078

9.913

0.241

10.547

-0.025

10.465

0.057

10.632

-0.11

Table 3. Correlation matrix between descriptors present in the 2D QSAR model 1.

Parameter

T 2 N_1

T.T 03

T 2 N6

SulfursCount

T CO6

T 2 N_1

1.0000

T.T.0_3

0.3638

1.0000

T 2 N_6

0.2971

0.5936

SulfursCount

-0.1981

-0.4219

1.0000

T.CO_6

0.1876

0.5411

0.7764

1.000
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9.5 10 10.5
Actual activity

Fig. 2 (a): Graphical representation of observed
vs. predicted activity Model-1

Contribution Chart

T 2 N 1{2051%)
T_C_O_B{-23.62%)
T_T_O_3{17.28%)
T_2_N_6(12.02%)

SulfursCounti- 17 .57%)

Fig. 2(b): Contribution chart of various
descriptors in biological activity for Model-1

respectively. In the QSAR model, the positive coefficient
value of T_2_N_1 and negative contribution descriptor
T_2_N_3 count of number of double bounded atoms (i.e.
any double bonded atom, T_2) separated from Nitrogen

atom by 1 and 3 bonds respectively on the biological

INDIAN DRUGS 56 (01) JANUARY 2019

Fig 3(a): Contribution plot for electrostatic, steric
and hydrophobic interactions model 3

Predicted aclivily

Actual activity

Fig 3 (b): Graphical representation of observed
vs. predicted activity 3D-Model-3

activity indicated that leads to decreases activity. Model
indicates that the descriptors XlogP mainly contribute
to the activity; indicating that octanol water partition
coefficient of the enhance activity. T_2_C_6 number of
double bounded atoms (i.e. any double bonded atom,
T_2) separated from carbon atom by six bonds indicates
that, the increases in their value leads to activity.

For 3D-QSAR, a kKNN-MFA with stepwise backward
variable selection method was used resulted in several
statistically significant models, of which the corresponding
best model is reported herein. In this equation, the
electrostatic (E), steric (S) and hydrophobic (H) descriptors
specify the regions, where variations in the structural
features (steric or electrostatic) of different compounds
in the training set lead to increase or decrease in
activities. Model 3 3D-QSAR studies helped to find out
the importance of electrostatic, steric and hydrophobic
groups for biological activity. Fig. 3a showed E_820
negative value in electrostatic field descriptors indicates
that negative electronic potential is required to increase
activity and more electronegative groups are preferred in
that position, E_134 positive range indicates that group
that imparting positive electrostatic potential is favorable
foractivity so less electronegative group is preferred in that
region. H_1193 has positive range indicates that positive
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hydrophobic is favorable for activity. Steric descriptor
S_1018, S_312 and S_457 with negative range in
steric descriptors indicates that negative steric potential
is favorable for activity, and less bulky substituents
group is preferred in that region. Values of g2 (0.7954),
pred_r?(0.6856) prove that QSAR equation so obtainedis
statistically significant and shows the predictive power of
the modelis 76% (internal validation). The contribution plot
representations of the three-dimensional QSAR results
for angiotensin AT, activity are presented in Figure 3(b).
The observed and predicted pIC, along with values are
shown in Table I.

CONCLUSIONS

Two dimensional and three quantitative structure
activity relationships study partial least square with
stepwise forward-backward variable selection method
was used for developed the best models was performed
on a series of Sulfonylureas derivatives as AT, receptor.
The QSAR model showed that the descriptors T_2_N_1,
SulfursCount, T_C_0O_6, T_T_O_3 and T_2_N_6
contributing to biological activity. 3D-QSAR studies
helped to find out the importance of electropositive,
electronegative, steric and hydrophobic groups for
biological activity. Finally, it is concluded that the work
presented here will play animportantrole in understanding
the relationship of physiochemical parameters with
structure and biological activity.
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