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QSAR (Quantitative structure activity relationship) is a powerful and
mathematical technique to set off the correlation in between chemical
structure to their biological activity. It was performed on a series of amide-
oxadiazole-aniline derivative with activity against DGAT-1 employing
various physiochemical parameters like topological, lipophilic and
electronic. The best model was generated and shows good correlative and
predictive ability with values S =0.33, F = 41.91, r =0.94, r2=0.88, r?,, =

PLS, FFNN, Similarity. 0.84 was developed using stepwise MLR and a comparable PLS and FFNN
model with r2 ¢, = 0.89, 0.88 and 0.86 respectively. After the data reduction,
five promising descriptors left were total dipole moment, Log P, VAMP total
energy, VAMP LUMO and VAMP HOMO. In addition of QSAR modeling,
Lipinski’s rule of five was also employed that check the pharmacokinetic
profile of the model. The similarity (CARBO and HODGKIN) analysis was
also done on the same series which positively support the previous results.
The QSAR study reported in the present study provide important structural
situation, related to anti-diabetic activity. Present study enlightens the path of
determining the potent lead compounds of DGAT-1 antagonist.
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Introduction:-

Diabetes mellitus is a chronic metabolic disease characterized by hyperglycemia, hyperlipidemia,
hyperaminoacidemia, and hypoinsulinaemia.” Type Il diabetes is a more common form of diabetes constituting 90%
of the diabetic population moreover, it is a polygenic disease that results from a complex interplay between genetic
predisposition and environmental factors such as diet, degree of physical activity and age.” Triacylglycerol (TG) is a
highly efficient energy storage form critical for surviving periods of starvation and extended physical activity.®
Diacylglycerolacyltransferase (DGAT) enzymes catalyze the formation of an ester linkage between a fatty acyl-CoA
and the free hydroxyl group of diacylglycerol this action take place in two pathway Glycerol Phosphate and
monoacylglycerol. DGAT possesses two isoforms DGAT-1 and DGAT-2. DGAT-1 catalyses the last step of
triacylglyceride biosynthesis, transforming diacylglycerol and acyl-CoA into triglyceides.* ° Inhibiting of DGAT-1
might represent a novel approach for that improvement of insulin sensitivity.®

There are numerous examples in the literature for the successful use of classical descriptors in QSAR.”® In the view
of this, we decided to developed models from classical QSAR descriptor using MLR, PLS and FFNN method to
establish the individual and common structural requirement for effective binding of DGAT-1 antagonist.

Material and methods:-

Data set and Biological activity: The data set containing 48, amide oxadiazole aniline ° with anti-diabetic activities
(Table 1) were taken for present studies in view of high structural diversity and sufficient variation in biological
activities. Experimentally determined 1Cs, values (UM) of the derivatives were converted into the negative logarithm
(Log ICs).

Generation of structure: All the chemical structures (anti-diabetic activity) were sketched with the help of
Accelrys (Discovery studio version 2.0) and imported into the worksheet of TSAR 3.3 software as .mol files.™
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Defining substituents and Energy optimized structure building: The series has two major substituent’s (R;and
R,) that were defined using “define substituent” option in the TSAR worksheet toolbar. All the loaded structures and
their substituent’s were converted into three-dimensional (3D) molecular structures by using Cornia make 3D option
and further subjected to optimization using Cosmic — optimize 3D option, which includes valence terms as bond
potential, bond angles and non-bonded terms as electrostatic interaction and Vanderwaals interaction. The force
field supplied by “Cosmic” for energy calculation during a flexible optimization ensures that only the energetically
realistic conformations are considered.'*

Calculation of Descriptors and Data reduction: Initially more than 250 descriptors were calculated for both whole
molecule and substituent’s separately in TSAR software program. TSAR is an integrated analysis package for the
interactive investigation of quantitative structure-activity relationships. It automatically calculates numerical
descriptors of molecular structure. The calculated descriptors included molecular attributes, molecular indices, atom
count and VAMP parameters.> The 48 molecules of the series were randomly divided into training set (32
molecules) and test set (11 molecules). Molecules in a training set further used for multiple linear regressions
(MLR), partial least square (PLS) and feed forward neural network (FFNN) model development and test set
consisting of 11 molecules which were kept on the other hand for future use to check the predictive power of the
development model. There is a significant requirement of data reduction to eliminate the chance of correlation.
Correlation matrix was used to reduce the number of descriptors and to identify the best subset of with minimum
inter-correlation, than checked the other two descriptors. Pair-wise correlation coefficient was calculated for all the
paired descriptors. If the inter-correlation coefficient >0.5 was detected, then the descriptor with high correlation
with biological activity was kept and others were discarded. This was done with the intention to get the descriptors
which are less correlated to each other (independent in the true sense) and highly correlated to the biological
activity.®*'* Thus, finally five independent molecular descriptors, total dipole moment (subst. 2), log P (whole
molecule), VAMP total energy (whole molecule), VAMP LUMO (whole molecule) and VAMP HOMO (whole
molecule) were fetched and all the descriptors shows high correlation to the biological activity but did not have any
correlation among each other.

Model development:-

Linear Regression Analysis: The relationship between the selected descriptors and the biological activity was
quantified by the use of multiple linear regressions (MLR) and partial least squares (PLS) using TSAR. MLR
models were generated using biological activity data as dependent variable and selected descriptors as the
independent variables. These models establish the relationship between dependent and independent variables. The
cross-validation analysis was performed using the leave-one-out (LOO) method where one compound is removed
from the data set and its activity is calculated using the model derived from the rest of data set. Statistical
significance of the model were tested on the basis of conventional regression coefficient (r?), correlation coefficient
(), Fisher’s ratio (F), and the standard error of estimate (s).The PLS regression is described as a predictive method
which can handle more than one dependent variable and is not critically influenced by correlations between
independent variables.™ PLS has been recommended as an alternative approach to enlarge the information contained
in each model, and avoid the danger of overfitting.® To check the robustness and the predictability of the models,
multiple linear regression (MLR) and partial least square (PLS) analysis was performed on the same training set of
compounds similar to the cross-validation-method used in MLR."’

Nonlinear regression analysis: Feed forward neural network (FFNN) is a networking process, that used in the
designing of plot dependency of final remaining descriptors and no. of plot dependency graphs depend upon on no.
of descriptors was left. In this model having closer value of test RMS fit and best RMS fit of the training was
obtained. The neural net configuration was modified by changing the number of nodes in the hidden layer.To
ascertain that these inhibitors possess suitable pharmacokinetic properties, Lipinski’s rule of five was applied to be
drug like, a candidate should have less than 5 hydrogen bond donors (HBD), less than 10 hydrogen bond acceptors
(HBA), a molecular weight of less than 500 dalton, and a partition coefficient (log p) of less than 5 and 10 or less
than rotatable bonds. This rule describes the molecular properties related with pharmacokinetics of molecules.*® The
violation of above rule was analyzed by calculating the parameter for all the molecules. The results clearly indicate
that there is zero violation of Lipinski’s rule and all the designed compound will have favorable pharmacokinetic
profiles summarized in Table 2.
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Tablel: Structure and biological activity data of DGAT1 antagonist used in QSAR analysis.
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Table 2: Values of calculated parameters for Lipinski’s rule of five.

Comp. ADME ADME (H- ADME (H- ADME ADME ADME
Name (Molecular bond bond (Log P) Rotatable | Violations
weight) acceptors) donors) bond
1 383.42 5 2 2.373 5 0
2 401.41 5 2 2.512 5 0
3 397.45 5 2 2.840 5 0
4 384.41 6 2 2.224 5 0
5 384.41 6 2 1.759 5 0
6 381.45 4 2 3.437 5 0
7 400.47 5 2 2.667 5 0
8 416.47 6 2 1.530 5 0
9 397.46 6 2 2.368 5 0
10 384.41 6 2 2.224 5 0
11 354.42 4 2 4.579 7 0
12 380.46 4 2 4.802 5 0
13 374.4 4 2 4.608 5 0
14 329.32 6 2 2.522 5 0
15 371.41 6 2 3.729 8 0
16 391.39 6 2 4.204 6 0
17 392.38 7 2 3.357 6 0
18 390.41 5 3 3.887 6 0
19 386.48 4 2 4.222 8 0
20 366.42 6 2 2.085 5 0
21 384.41 6 2 2.225 5 0
22 384.41 6 2 2.225 5 0
23 384.41 6 2 2.225 5 0
24 402.4 6 2 2.364 5 0
25 400.86 6 2 2.603 5 0
26 400.86 6 2 2.603 5 0
27 400.86 6 2 2.603 5 0
28 396.45 7 2 1.832 6 0
29 410.48 7 2 2.175 7 0
30 458.52 7 2 3.514 7 0
31 472.55 7 2 3.609 8 0
32 473.54 8 2 2.696 8 0
33 473.54 8 2 2.762 8 0
34 380.45 6 2 2.552 5 0
35 442,52 6 2 3.769 6 0
36 427.88 6 2 2.401 5 0
37 469.97 6 2 3.561 6 0
38 481.98 6 2 3.453 6 0
39 496.01 6 2 3.849 6 0
40 384.4 6 3 3.347 8 0
41 418.41 6 3 4.306 6 0
42 432.44 6 3 4.239 7 0
43 432.44 6 3 4.239 7 0
44 4385 6 3 4.006 7 0
45 4385 6 3 4.296 7 0
46 424.47 6 3 4.132 6 0
47 424.48 5 2 1.820 5 0
48 456.49 6 3 4.436 7 0
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Result and discussions:-

Linear regression analysis:

The finally five descriptors total dipole moment (subst.2), log P (whole molecule), VAMP total energy (whole
molecule), VAMP LUMO (whole molecule), VAMP HOMO (whole molecule) were left in the TSAR worksheet
that showed very poor internal predictive ability of the developed model described in Table 3.

Table3: Statistical test and their values obtained for whole data sheet.

Statistical test Values

S value 0.595

F value 11.538
Regression coefficient 0.760
r’ 0.579

Cross validation r? 4, 0.344

In order to improve the statistical quality of the model, five compounds were identified (47, 34, 46, 22 and 13) and
behaved as outliers which further removed from the model. The deletion of these outliers satisfied all the statistical
criteria of a robust model. So the model were generated with S value = 0.485, F value = 17.967, regression
coefficient (r) = 0.841, r’= 0.708, r @) = 0.617.These five outliers shows the high residual value instead of high
leverage value and therefore were deleted. Applicability domain was also performed for the calculation of leverage
using the systat software on the developed model. It is the physico-chemical, structural or biological space,
knowledge or information which is applicable to make predictions for new compounds. The graph calculated
leverage versus stand residual values in Fig. 1. Finally five parameters highly correlated with activity were used to
generate regression equation and analyzed for their relative impact on the activity of the compound in Table 4.
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Figurel: William's plot (graph of AD)
Table4: Correlation matrix showing correlation between biological activity and parameter used.

Total dipole Log P VAMP VAMP | VAMPHOMO | -Log ICs
Moment(subst.2) (whole total LUMO
molecule) energy
Total dipole Moment 1 0.105 -0.068 -0.027 0.161 -0.279
(subst. 2)
Log P (whole 0.105 1 -0.126 0.206 -0.126 0.543
molecule)

VAMP total energy -0.068 -0.126 1 0.321 0.052 -0.437
VAMP LUMO -0.027 0.206 0.052 1 0.212 -0.214
VAMP HOMO 0.161 -0.126 0.321 0.212 1 0.0993

-Log ICsy -0.279 0.543 -0.437 -0.214 0.0993 1
So the best models generated using MLR analysis of this data had r* = 0889 and r?

= 0.842 values. The final statistical values are given in Table 5.
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Table5: Statistical tests and their values obtained after performing MLR analysis.

Statistical tests Values

S value 0.331

F value 41.912
Regression coefficient 0.943
r’ 0.889

Cross validation, r’, 0.842

The final regression equations obtained using MLR analysis is represented as (Equation 1).

Y =-0.537xX1+0.639xX2 -0.002xX3-5.409%xX4 +1.856xX5 + 4.549  (Equation 1)
The PLS analysis was also performed using the same data set, the resulted r? @yvalue (0.801), statistical significance
(0.847) and the fraction of variance (0.887) clearly demonstrates the high predictive ability of the developed PLS
model (Equation 2).

Y =-0.545xX1+0.663xX2-0.001%X3 5.051xX4+1.839xX5+5.002 (Equation 2)

Where X1 = total dipole moment (subst. 2), X2 = log P (whole molecule), X3 = VAMP total energy (whole
molecule), X4 = VAMP LUMO (whole molecule), X5 = VAMP HOMO (whole molecule).
For a well-defined problem, both MLR (0.842) and PLS (0.801) should have comparable results.** ** The r? values
of training and test set were 0.889, 0.887 and 0.738, 0.752 for MLR and PLS models respectively. The
experimentally determined Log ICsq values for the compounds of training and test set with their predicted and actual
values are shown in table 6-7 and the graphs of MLR, PLS and FFNN of training and test set were plotted in Fig. 2-7
respectively. Observation of these data suggests that the experimentally observed values and QSAR derived values
are in agreement. Therefore, all the t-value, Jacknife SE and Covariance SE values are mentioned in table 8 were
significant for best model that confirms the importance of each descriptor.

Table6: Actual activity versus predicted activity and corresponding residual for the training set of compound.

Comp. Name Actual activity Predicted activity

(Log 1Csp) MLR PLS FENN
1 0.284 0.166 0.165 0.156
7 0.337 0.237 0.175 0.138
11 -1.041 -1.035 -1.015 -0.609
12 0.721 0.669 0.723 0.619
14 -0.568 0.024 -0.067 0.031
15 0.337 0.463 0.435 0.421
17 0.207 0.174 0.270 0.085
18 0.508 0.643 0.728 0.488
19 0.921 0.973 1.040 0.872
20 -0.903 -0.516 -0.512 -0.332
23 0.387 0.845 0.808 0.734
24 1.222 1.584 1.596 1.610
25 1.796 1.829 1.885 1.912
26 0.207 0.421 0.453 0.417
27 0.824 0.819 0.774 0.793
31 1.036 0.749 0.727 0.708
32 0.721 0.853 0.822 0.822
33 0.137 0.196 0.192 0.185
35 2.180 2.313 2.296 2.274
39 0.769 0.767 0.806 0.738
40 2.244 2.334 2.354 2.302
43 0.284 0.520 0.492 0.381
50 -0.114 0.109 0.174 -0.063
51 2.356 1.903 1.920 1.818
52 1.456 1.664 1.677 1.575
16 0.268 0.448 0.402 0.405
53 3.222 3.113 3.038 2.764
8 0.456 -0.008 -0.011 -0.041

787




ISSN 2320-5407

International Journal of Advanced Research (2016), Volume 4, Issue 4, 780-806

10 0.886 0.283 0.243 0.254
10a 0.886 0.288 0.249 0.259
21 1.222 0.580 0.603 0.473
10b 0.886 0.727 0.694 0.694
Table7: Actual activity versus predicted activity for the test set of compound.
Comp. Actual activity Predicted activity
Name (Log ICx) MLR PLS FFNN
38 -0.322 1.161 1.088 1.069
48 1.155 2.272 2.268 2.210
49 1.097 2.294 2.292 2.232
37 0.268 1.759 1.706 1.744
30 -0.114 0.672 0.659 0.626
28 0.076 0.793 0.748 0.765
29 0.468 1.522 1.396 1.548
36 1.886 2.345 2.329 2.287
42 0.431 1.234 1.138 1.261
44 0.495 1.241 1.224 1.143
45 0.744 1.587 1.579 1.502
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Figure 3: Plot of actual activity versus Predicted activity for the test set of compound derived from MLR analysis.
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Predicted acivity
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Figure 4: Plot of actual activity versus predicted activity for the training set of compound derived from PLS
analysis.
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Figure 5: Plot of actual activity versus predicted activity for the test set of compound derived from PLS analysis.
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analysis.
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Figure 7: Plot of actual activity versus predicted activity for the test set of compound derived from FFNN analysis.

Non Linear Regression analysis: The feed forward neural network (FFNN) analysis was performed using the same
data set, by Net Configuration 5-1-1, and amount of data excluded for testing was set to 25%, which was used for
cross-validation to assess the performance of the trained net. The best model having closer values of test RMS fit =
0.146 and best RMS fit = 0.033 and r? = 0.864 of the training and r?> = 0.734 of the test set was obtained.
Dependency plots were drawn to analyze the influence of each independent parameter versus biological activity.

Table8: t-test values, Jacknife SE and Covariance SE for the selected descriptors.

Descriptors t-value Jacknife SE Covariance SE
Total dipole moment
(Subst. 2) -7.213 0.075 0.074
Log P 10.02 0.059 0.063
(whole molecule)
VAMP total energy (whole 7606 0.0001 0.0002
molecule)
VAMP LUMO (whole 6.577 0.864 0.822
molecule)
VAMP HOMO (whole 7979 0.249 0.255
molecule)

Analysis of descriptors entered:-

Total dipole moment (subst.2) is electrostatic descriptor which explains the charge distribution, strength and
orientation behavior in molecules.’ Its shows negative correlation with biological activity, which indicates lead
compound by substituting such groups at 2" position led to decrease in the polarity of the molecule, owing to
increase in the biological activity of DGAT-1 antagonist derivatives. This is further supported by the FFNN
dependency graph shown in Fig. 8.

Log P (whole molecules) measure the hydrophobic interaction. The hydrophobic effect can be quantified by
measuring the partition coefficients of non-polar molecules between polar and non-polar solvents. Hydrophobicity
increases with increasing number of carbon atoms in the hydrocarbon chain, positive correlation of log P with the
biological activity increases the hydrophobicity of whole molecules as shown in Fig. 9.

VAMP (total energy, LUMO, HOMO) is electronic parameters. VAMP is a semi-empirical molecular orbital
package in TSAR Version 3.3, and is used to calculate the electrostatic properties.’® As both VAMP (total energy)
and VAMP LUMO (lowest unoccupied molecular orbital) parameters negative correlates with the biological activity
in the regression equation, its means electron withdrawing group add into the ring increases the biological activity.
VAMP HOMO is energy of highest occupied molecular orbital, with “nucleophilicity” properties, so it is positively
correlated to the biological activity; it means addition of electron donating group in the ring leads to an increase in
the biological activity of DGAT-1 antagonist derivatives (Fig. 10, 11 and 12).
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Figure 8:

Figure 9: Dependency plot between biological activity versus lo

Figure 10: Dependency plot between biological activity versus VAMP Total Energy (whole molecule).

Figure 11:
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Dependency plot between biological activity versus total dipole moment (subst. 2).
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Figure 12: Dependency plot between biological activity versus VAMP HOMO (whole molecule).

Similarity based regression analysis:-

Structurally similar molecules have similar biological activities observed in studies related to medicinal chemistry.
If the training set being investigated comprises of N compounds, then full pair-wise compound similarity
comparison results NxN matrix in which each matrix entry is a measure of similarity between the corresponding
pair of molecules. Analysis of full matrix introduces some of the location dependent similarity parameters used
within methodology and give correlation with binding data.”

Automated Similarity Package (Asp) similarity:-
Asp is used to calculate the similarity of whole molecules in terms of atomic potential charge, shape, lipophilicity or
refractivity.
The two types of calculation methods
e  Carbo index
e Hodgkin index
e Carbo index

Material and methods:-

Data set preparation: The same series of compounds as in case of physicochemical descriptor based QSAR study
were randomly divided into training set and test set. 33 molecules were included in the training set and used to
develop a regression model while 12 molecules were used in test set for the predictions of biological activity.

Descriptor calculation: The Carbo method was applied to calculate the similarity descriptors including shape,
lipophilicity, charge, combined and refractivity similarity indices, by NxN method for whole molecules through
TSAR 3.3 software.

Data reduction: The correlation matrix was generated to study the data patterns and to reduce it. The term close to
1 indicates high co-linearity while below 0.5 indicates that no co-linearity exists between two parameters.
Whosoever descriptors causes low productivity and over-fitting of data was discarded. Among the highly correlated
parameters, the one that showed low correlation with the biological activity (Log ICso) was excluded while the other
was kept. This process was repeated for each and every set of two consecutive parameters and finally 5 descriptors
were attained namely Charge similarity vs. molecule 4, Combined similarity vs. molecule 13, Lipophilicity
similarity vs. molecule 23, Refractivity similarity vs. molecule 4, Charge similarity vs. molecule 48 that shows
highly correlation to the biological activity but did not have any correlation with each other.

Result and discussion:-

Linear regression analysis: For the data set of Diacylglycerolacyltransferase 1 inhibitor, the best model was
generated using MLR analysis after deleting 3 potential outliers includes 5 independent variables, as summarized in
Table 9.
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Table 9: Statistical Value obtained from after MLR analysis.

Statistical tests Values

S value 0.360

F value 36.334
Regression coefficient 0.933
r’ 0.870

Cross validation, r’, 0.768

These above 3 outliers were deleted as shown in the plot of applicability domain Fig.13.
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Figure 13: Applicability Domain graph between Stand versus Leverage

Finally five parameters, highly correlated with biological activity were used to generate regression equation and
analyzed for their relative impact on the activity of the compound in Table 10.

Table 10: Correlation matrix showing correlation between biological activity and parameter used.

Descriptors Charge Combined Lipophilicity | Refractivity Charge -Log
similarity vs. | similarity vs. | similarity vs. | similarity vs. similarity I1Csp
molecule (4) | molecule (13) | molecule (23) | molecule(32) vs. molecule

(48)
Charge 1 -0.099 -0.192 -0.247 0.349 -0.293
similarity vs.

molecule (4)

Combined -0.099 1 -0.246 -0.234 -0.466 0.129

similarity vs.
molecule (13)
Lipophilicity -0.192 -0.246 1 0.584 0.276 0.367
similarity vs.
molecule (23)
Refractivity -0.247 -0.234 0.584 1 0.0701 -0.234
similarity vs.
molecule (32)

Charge 0.349 -0.466 0.276 0.0701 1 0.436
similarity vs.
molecule (48)

-Log ICy, -0.293 0.129 0.367 -0.234 0.436 1

The final regression equations obtained using MLR analysis is represented as Equation 1.

Y =-2.083xX1+2.985xX2 +9.277xX3-119.527xX4 +2.403xX5 + 108.167  (Equation 1)
The PLS analysis was also performed using the same data set, the resulted r? v Value and statistical significance of
clearly demonstrates the high predictive ability of the developed PLS model (Equation 2), mentioned in Table.11.

Y =-2.075xX1+3.102xX2 +9.174%X3-117.041xX4 +2.432xX5 + 105.736 (Equation 2)

Where, X1=Charge similarity vs. molecule 4, X2=Combined similarity vs. molecule 13, X3=Lipophilicity similarity
vs. molecule 23, X4=Refractivity similarity vs. molecule 32, X5=Charge similarity vs. molecule 48.
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Table 11. Statistical Value obtained from after PLS analysis

Statistical tests Values

Cross validation, r’, 0.775
Statistical significance 0.908
Fraction of variance explained 0.870
E statistic 0.347

Residual Sum of Squares 4.148
Predictive Sum of Squares 7.174

Validation through external test set was also performed to check the predictive ability of the developed model. A
good r? value of the test set 0.797 and 0.791 was obtained, by MLR and PLS analysis.

Non Linear Regression analysis: The feed forward neural network (FFNN) analysis was performed using the same
data set in Table 12.

Table 12: Summary of feed forward neural network analysis.

Net Configuration 5-5-1
Excluded for testing was set to 30%,
Test RMS fit 0.180

Best RMS fit 0.073
Training set (r?) 0.798

Test set (r) 0.644

The MLR, PLS and FFNN graphs plotted between the actual and predicted activities of training set as well as test
set of compound, as shown Fig. 14-19. The actual and predicted activities of training set and test set of compounds
are given in Table 13 and 14 respectively. Dependencies plots were drawn to analyze the influence of each
independent parameter versus biological activity Fig 20-24.

Table 13: Actual activity versus predicted activity for the training set of compound.

Comp. Name Actual activity Predicted activity

(Log 1Csp) MLR PLS FENN
1 0.284 0.079 0.081 -0.662
8 0.456 0.701 0.704 0.471
11 -1.041 -0.945 -0.942 -1.186
14 -0.568 -0.347 -0.342 -0.576
19 0.921 1.015 1.015 1.004
24 1.22 1.739 1.773 1.635
25 1.796 1.454 1.466 1.682
27 0.824 0.707 0.707 0.751
29 0.468 0.722 0.719 0.649
31 1.036 0.764 0.763 0.849
32 0.721 0.798 0.795 0.582
34 1.495 1.575 1.568 1.697
35 2.180 2.063 2.038 2.080
39 0.769 0.827 0.827 0.795
40 2.244 1.893 1.876 2.007
42 0.432 0.391 0.387 -0.151
43 0.284 0.127 0.123 0.161
44 0.495 0.367 0.339 0.553
48 1.155 1.179 1.171 1.299
51 2.357 2.508 2.515 1.827
52 1.456 1.421 1.423 1.451
16 0.268 0.446 0.453 0.169
45 0.745 0.785 0.747 0.873
49 1.097 1.286 1.276 1.453
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10 0.886 0.525 0.523 0.062
10a 0.886 0.922 0.925 0.895
21 1.222 1.641 1.641 1.668
10b 0.886 0.725 0.727 0.453
22 2.174 1.633 1.658 1.641
13 1.638 1.123 1.123 1.286
53 3.222 3.247 3.259 1.769
20 -0.903 0.257 0.259 -0.337
50 -0.114 -0.636 -0.605 -0.124
Table 14: Actual activity versus predicted activity for the test set of compound.
Comp. Name Actual activity Predicted activity
(Log I1Csp) MLR PLS FFENN
7 0.337 1.108 1.115 0.814

15 0.337 0.885 0.885 0.559
17 0.208 1.429 1.414 1.434
18 0.509 1.359 1.363 1.255
23 0.387 1.360 1.381 1.221
26 0.208 0.668 0.669 0.203
28 0.076 0.818 0.819 0.497
33 0.137 0.956 0.955 0.366
36 1.886 2.384 2.349 2.104
30 -0.114 0.589 0.589 -0.140
47 0.678 1.232 1.218 1.131
12 0.721 1.181 1.184 0.918
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Figure 14: Plot of actual activity versus predicted activity for the training set of compound derived from MLR

analysis.
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Figure 15: Plot of actual activity versus Predicted activity for the test set of compouhd derived from MLR analysis.
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Figure 18: Plot of actual activity versus predicted activity for the test set of compound derived from FFNN analysis.
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Figure 19: Plot of actual activity versus predicted activity for the test set of compound derived from PLS analysis.
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Figure 20: Dependency plot between biological activity versus Charge similarity vs. molecule 4.
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Figure 21: Dependency plot between biological activity versus Combined similarity vs. molecule 13.
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Figure 22: Dependency plot between biological activity versus Lipophilicity similarity vs. molecule 23.
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Figure 23: Dependency plot between biological activity versus Refractivity similarity vs. molecule 32.
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Figure 24: Dependency plot between biological activity versus Charge similarity vs. molecule 48.

Analysis of descriptors entered:-

Charge molecular descriptors are directly related to the energy of the electrostatic interaction. According to the
contemporary theory of molecular structure, all chemical interaction by nature are either electrostatic (polar) or
orbital (covalent). The electrical charge in the molecule is the driving force for electrostatic interaction. The charge
descriptor has been widely employed as chemical reactivity to measure intermolecular interaction in Asp QSAR
study.

The Charge of molecule 4 is negatively correlated with biological activity. The negative correlation of this
parameter is further supported by FFNN dependency plot. The Charge of whole compounds should not be similar to
it that will lead to an increase in biological activity.

Combined similarity descriptor is combination of charge, shape, lipophilicity and refractivity properties of
molecules. The combined similarity vs. molecule 13 positively correlates with biological activity. The positive
correlation of this parameter was already shown in Fig. 21. Combined similarity of whole compound should be
similar to the molecule which increases the biological activity.

Likewise combined similarity descriptor, lipophilicity of molecule 23 is also positively correlated with biological
activity, which increased the lipid solubility and the dependency plot was shown earlier in Fig. 22. The compound
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which has good lipophilic property but they have little capacity to form hydrogen bonds then the lipid solubility of
whole compounds should be similar to it.

Molecular Refractivity is an additive property, its value increase with molecular weight and volume. Refractivity of
molecule 32 is negatively correlated with biological activity. The negative correlation of this parameter is further
supported by FFNN dependency plot shown in Fig. 23. The refractivity of whole compounds was not be similar to
(molecule 32), because molecule which is a good electron donor comes in contact with a molecule possesses good
electron acceptor capacity, the donor may transfer some of its charge to the acceptor. The Charge of molecule 48 is
also positively correlated with biological activity and shown in Fig. 24, and the Charge of it should be similar to the
whole series of compounds.

Hodgkin index:-
The Hodgkin method was applied to calculate the similarity descriptors including shape, lipophilicity, charge,
combined and refractivity similarity indices, by NxN method for whole molecules using TSAR 3.3 software.

Material and method:-

e Data set preparation
The process of data set preparation was similar as described above, and finally 3 descriptors namely Charge
similarity vs. molecule 22, Charge similarity vs. molecule 46 Combined similarity vs. molecule 48, were found that
are highly correlated to the biological activity but did not have any correlation with each other.

Result and discussion:-
e Linear regression analysis:

The best MLR model was generated after deleting 5 potential outliers which include 3 independent variables Table
15.

Table 15: Statistical Value obtained after performing MLR analysis.

Statistical tests Values

S value 0.399

F value 35.954
Regression coefficient 0.891
r’ 0.794

Cross validation, r’c, 0.733

The applicability domain helps in deleting the 5 potential outliers as shown in Fig.25.
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Figure 25: Applicability Domain graph between Stand versus Leverage.

The correlation matrix of final three descriptors shows high correlation with biological activity as summarized in

Table 16.
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Table 16: Correlation matrix showing correlation between biological activity and parameter used.

Charge similarity Charge similarity Combined similarity -Log ICsg
vs. molecule (22) vs. molecule (46) vs. molecule (48)
Charge similarity vs. 1 -0.117 -0.041 0.606
molecule (22)
Charge similarity vs. -0.117 1 0.677 0.003
molecule (46)
Combined similarity -0.041 0.677 1 0.503
vs. molecule (48)
-Log ICx 0.606 0.003 0.503 1

The final regression equations of MLR were obtained.

Y = 2.377xX1-3.185x X2 +6.293%xX3-2.791 (Equation 1)
Similarly, the PLS equation was also derived and statistical values of the PLS model were given in Table 17.
Y =2.377%xX1-3.185xX2 +6.293%X3-2.791 (Equation 2)

Where, X1= Charge similarity vs. molecule 22, X2 = Charge similarity vs. molecule 46, X3 = Combined similarity
vs. molecule 48.

Table 17: Statistical VValue obtained from after PLS analysis.

Statistical tests Values

Cross validation, r’, 0.751
Statistical significance 0.969
Fraction of variance explained 0.793
E statistic 0.831

Residual Sum of Squares 6.388
Predictive Sum of Squares 7.708

External test set was also performed to check the predictive ability and validate the developed model. A good
r®value (test set) of 0.767 and 0.767 was obtained through MLR and PLS analysis.

e Non Linear Regression analysis: The same data set was performed by FFNN analysis summarized in Table
18.

Table 18: Summary of feed forward neural network analysis.

Net Configuration 3-1-1
Excluded for testing was set to 25%
Test RMS fit 0.107

Best RMS fit 0.077
Training set r? 0.776

Test set r’ 0.741

In the Fig. 26-31, various MLR, PLS and FFNN graphs were plotted. Similarly, the actual and predicted activities of
training set and test set of compounds are also given in Table 19 and20 respectively.

Table 19: Actual activity versus predicted activity for the training set of compound.

Comp. Name Actual activity Predicted activity

(Log 1Csp) MLR PLS FFNN
1 0.284 0.038 0.038 -0.273
8 0.456 0.823 0.823 0.764
11 -1.041 0.091 0.091 -0.231
12 0.721 1.208 1.208 1.454
14 -0.568 0.244 0.244 0.115
15 0.337 0.702 0.702 0.739
19 0.921 0.974 0.973 1.122
24 1.222 1.344 1.343 1.680
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25 1.796 1.392 1.392 1.694
26 0.208 0.417 0.417 0.333
27 0.824 0.422 0.422 0.331
29 0.468 0.605 0.605 0.582
31 1.036 0.572 0.572 0.529
32 0.721 0.709 0.709 0.741
35 2.180 2.170 2.170 2.615
36 1.886 1.463 1.463 1.931
39 0.769 0.699 0.699 0.722
40 2.244 2.586 2.586 2.829
42 0.432 0.674 0.674 0.779
43 0.284 0.072 0.072 -0.128
44 0.495 0.478 0.478 0.421
48 1.155 1.179 1.179 1.388
51 2.357 2.276 2.276 2.426
52 1.456 1.117 1.117 1.125
45 0.745 0.316 0.316 0.199
49 1.097 1.277 1.277 1.519
10 0.886 0.462 0.462 0.312
10a 0.886 0.516 0.516 0.479
21 1.222 0.878 0.878 1.009
10b 0.886 0.500 0.500 0.446
47 0.678 0.817 0.817 0.862
53 3.222 3.237 3.237 2.906
Table 20: Actual activity versus predicted activity for the test set of compound.
Comp. Name Actual activity  (Log Predicted activity
1Csp) MLR PLS FFNN

7 0.337 1.088 1.088 1.313
17 0.208 0.759 0.759 0.848
18 0.509 1.029 1.029 1.214
23 0.387 1.125 1.125 1.385
26 0.076 0.628 0.628 0.632
34 1.495 2.808 2.808 2.927
50 -0.114 1.095 1.095 1.416
16 0.268 1.023 1.023 1.245
37 0.268 1.297 1.297 1.732
30 -0.114 0.525 0.525 0.467
46 -0.518 -1.618 -1.618 -1.321
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Figure 26: Plot of actual activity versus predicted activity for the training set of compound derived from MLR

analysis.
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Figure 28: Plot of actual activity versus predicted activity for the training set of compound derived from PLS
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Figure 29: Plot of actual activity versus predicted activity for the test set of compound derived from PLS analysis.
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Figure 31: Plot of actual activity versus predicted activity for the test set of compound derived from FFNN analysis.

Dependencies plots were drawn in between each independent parameter versus biological activity fig 32-34.
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Figure 32: Dependency plot between biological activity versus Charge similarity vs. molecule 22.
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Figure 33: Dependency plot between biological activity versus Charge similarity vs. molecule 46.

803



ISSN 2320-5407 International Journal of Advanced Research (2016), Volume 4, Issue 4, 780-806

06 - a —

Output Value
a

04 |- o -

0z —

oo 1 1 1 1 1 1 1 1 1
] 0.1 0z 03 0.4 os 08 07 o8 09

Combined Similarity vs Molecule <46

Figure 34: Dependency plot between biological activity versus Combined similarity vs. molecule 48.

Analysis of descriptors entered:-

The Charge of molecule 22 and 46 are positively correlated with biological activity and these correlations were
shown in the FFNN dependency plot Fig. 32-33respectively. Consequently, the Combined molecule 48 is also
positively correlated with biological activity, resulting in increase in the biological activity of the whole series as
shown in Fig. 34.

Conclusion:-

All the results were discussed above, indicate that the using MLR, PLS and FFNN analysis with molecular
descriptors belongs to amide-oxadiazole aniline series and generated highly robust QSAR models. Molecular
parameters such as shape, lipophilic, and electronic architecture of amide-oxadiazole aniline analogues are
considered to be important contributors to their biological properties and it can also be used for the designing of
further new anti-diabetic compounds with more potency and reduced mechanism based side effect of traditional
anti-diabetic agents. The results obtained from same series in similarity analysis (charge, combined, refractivity and
combined) also support the MLR, PLS and FFNN results. This information about the 2D-requirement of the
compound is of great value for the effective design of new DGAT derivatives of pharmaceutical importance. So the
enhancement in the energy of the molecule will be the strategy to improve the activity.
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