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ABSTRACT

Objectives: Present communication deals with two- and three-dimension-
al (2D and 3D) QSAR studies of twenty saponin analogue for antifungal
activity against Candida albicans. Methods: The 2D-QSAR model for the
prediction was obtained by applying Multiple Linear Regression (MLR)
method, giving * = 0.8551 and g?= 0.7717 and Partial Least Squares (PLS)
method, giving # = 0.8551 and g? = 0.7717. 3D-QSAR study was performed
using the stepwise variable selection k-nearest neighbour molecular field
analysis (kNN-MFA) approach for both electrostatic and steric fields. Two
different kKNN-MFA methods (SA and GA) were used for the building of
3D-QSAR models. Results: The best model shows interesting result in
terms of internal (g > 0.62) and external (predictive r* > 0.52) predictivity
for training and test set. Conclusion: Thus, QSAR models showed that

INTRODUCTION

Over the past few decades, extreme use of antimicrobial agents has led to
a worldwide health issue of antibacterial resistance. Candida albicans is
the pathogen having infectious properties particularly in immunocom-
promised patients. As a consequence, there is constant demand of devel-
opment of new anti-fungal agents.'

Saponins plays an important role in protection of plant against attack by
pathogens and posses wide variety of biological activities such as anti-
fungal, antibacterial, anti-inflammatory, anticancer, antiprotozoal, Im-
munomodulatory and hypoglycemic.*!' The antifungal mechanism of
saponin is not well understood but it is proposed as that it forms com-
plex with sterols in cell membrane, leading to pore formation and further
loos of membrane integrity.'>!?

The quantitative structure-activity relationship (QSAR) has been proved
to be useful approach for the prediction of biological activities, particu-
larly in computational chemistry."*!* These include both 2D (two dimen-
sional) and 3D (three-dimensional) QSAR methods. The major differ-
ences of these methods can be analyzed from two viewpoints: first the
structural parameters that are used to characterize molecular identities
and second the mathematical procedure that is employed to obtain the
quantitative relationship between a biological activity and the structural
parameters.''® In an effort for search of new potent antifungal agents
from medicinal plants, 2D- and 3D-QSAR of saponin analogues per-
formed to quantify necessary structural and physicochemical require-
ments of this series of compounds as potent antifungal agents.

MATERIALS AND METHODS
2D-QSAR methodology

Data set: In this study, a series of 20 triterpenoid saponins (Figure 1) and
their MIC values against Candida albicans were taken from the litera-
ture.!*?* The activity data (MIC) of each molecule were converted into

hydrophobic and electrostatic effects dominantly determine the binding af-
finities. Hence the QSAR models proposed in this work would be further
useful for development of new antifungal agents from medicinal plants and
can help in the design of novel potent molecule.
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logarithmic scale [pMIC = -log (MICx10)] was used as dependent vari-
able for 2D- and 3D-QSAR analysis and it is listed in Table 1 and Table
2. All molecular modeling studies (2D and 3D) were performed using
the Molecular Design Suite (VLife MDS software package, version 3.5;
from VLife Sciences, Pune, India). All structures were sketched using
2D draw application are cleaned and 3D optimized. Energy minimiza-
tion and geometric optimization were conducted using the Merck mo-
lecular force field method with the root mean square gradient set to 0.01
kcal/molA, the maximum number of cycles was 10,000 and medium’s
dielectric constant of 1 by batch energy minimization method. Energy-
minimized geometry was used for calculation of descriptors.

Selection of training and test set

The dataset of 20 molecules was divided into training set (12 com-
pounds) and test set (8§ compounds) for multiple linear regression (MLR)
and partial least squares (PLS) model by stepwise forward backward
variable selection methods and various 2D descriptors as independent
variables. The unicolumn statistics of test and training sets (Table 3)
showed the accurate selection of test and training sets, as the maximum
of the training set was more than that of the test set and the minimum of
the training set was less than or equal to that of the test set.

Molecular descriptors

The various molecular descriptors require for 2D-QSAR study. A large
number of theoretical 2D individual descriptors such as Mol. Wt,,
Volume, XlogP, smr; physiochemical such as Estate Numbers, Estate
contributions, Polar Surface Area, Element Count, Dipole moment,
Hydrophobicity XlogpA, Hydrophobicity SlogpA; topological such as
T2CL6,TCCL6,TTS 7 TT CIL7typehave been computed
for these geometrically optimized structures from the chemical struc-
tures of the compounds. The descriptors having the same value or highly
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correlated with other descriptors were removed initially, as they do not
contribute to the QSAR. The reduced set of descriptors was then treated
by Forward Stepwise Variable Selection for further reduction of non-sig-
nificant descriptors and finally the optimum models with four significant
descriptors were considered in our 2D-QSAR analysis.

Statistical parameters

Dataset of 20 molecules was subjected to regression analysis using MLR
and PLS as model building methods. QSAR models were generated us-
ing pMIC values as the dependent variable § (biological activity) and
various descriptors values as independent variables xi (molecular de-
scriptor) by using linear equations. The cross-correlation limit was set at
0.5, term selection criteria as 72, F-test ‘in,” at 4 and ‘out’ at 3.99, »* and
F-test. Variance cutoff was set at 0, scaling to autoscaling and number
of random iterations to 10. Statistical measures were used for the evalu-
ation of QSAR models were the number of compounds in regression
n, regression coefficient 2, number of descriptors in a model k, F-test
(Fisher test value) for statistical significance F, cross-validated correla-
tion coefficient q2, predictive squared correlation coefficients pred 2,
coefficient of correlation of predicted data set pred 7*se and standard
error (SE) of estimation 72 se and g? se.

MLR analysis

Multiple Linear Regression (MLR) analysis is the traditional and stan-
dard approach for multivariate data analysis. It is based on ordinary least
square regression (OLS) method. MLR is a method used for modelling
linear relationship between a dependent variable Y (pMIC) and inde-
pendent variable X (2D descriptors). MLR estimates values of regres-
sion coefficients (%) by applying least squares curve fitting method. The
model creates a relationship in the form of a straight line (linear) that
best approximates all the individual data points.

The multiple regression equation takes the form as mentioned in Equa-
tion (1)

Y=bl*x1+b2*x2+b3*x3+c @)
Where Y is dependent variable, the ‘b’s are regression coefficients for
corresponding ‘x’s independent variable, ‘c’ is a regression constant for
intercept.”

PLS regression method

PLS analysis is a popular regression technique which can be used to
specified linear relationship between dependent variable (Y) to several
independent (X) variables even when factors are many and highly col-
linear. PLS creates orthogonal components using existing correlations
between independent variables and corresponding outputs while also
keeping most of the variance of independent variables. Main aim of PLS
regression is to predict the activity (Y) from X and to describe their
common structure.?® PLS is probably the least restrictive of various mul-
tivariate extensions of MLR model.

Validation of QSAR model

The generated QSAR model was validated by the internal stability and
predictive ability inside the model.

Internal validation: Internal validation was carried out using leave-one-
out (g% LOO) cross validation method. For calculating g2, one object
(one biological activity value) is eliminated from training set and train-
ing dataset is divided into subsets (number of subsets = number of data
points) of equal size.

External validation: The predictive ability of the selected model was
also confirmed by external validation of test set compounds which is
also denoted with pred 7.
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Randomization test

To evaluate the statistical significance of the QSAR model for an actual
dataset, one-tail hypothesis testing is employed. The robustness of the
QSAR models for experimental training sets was examined by compar-
ing these models to those derived for random datasets. Random sets
were generated by rearranging biological activities of the training set
molecules. The significance of the models hence obtained was derived
on calculated Z score.”

3D-QSAR studies

Data set and molecular modeling

The total set of compounds was divided into a training set (14 com-
pounds) for generating 3D-QSAR models and a test set (6 compounds)
for validating the quality of the models. The SE method was adopted
for division of training and test data set comprising of 14 and 6 mol-
ecules, respectively, having dissimilarity value of 7.9 with pMIC activity
field as dependent variable and various 3D descriptors calculated for the
compounds as independent variables. The most active compound in the
dataset is selected as the starting point for building a sphere. Six com-
pounds, namely, 2, 3, 12, 14, 18 and 19, were used as test set while the
remaining molecules were used as the training set (Table 4). The uni-
column statistics of the training and test sets are reported in Table 3.

Alignment procedure

Molecular alignment is a crucial step in 3D-QSAR based on moving
of molecules in 3D space, which is related to the conformational flex-
ibility of molecules. Conformational search was carried out by systemic
conformational search method (grid search), which generates all pos-
sible conformations, by systematically varying each of the torsion angles
of a molecule by some increment, keeping the bond lengths and bond
angles fixed and lowest energy conformers were selected. All the com-
pounds were aligned by template-based method. In template-based
alignment method, a template structure was defined and used as a basis
for alignment of a set of molecules. These aligned conformations were
used to generate the predictive QSAR model. Multiple conformation of
each molecule was generated using Monte Carlo conformation search
method. It is a random search method for finding the conformations
of molecules which uses the metropolis condition to accept or discard
generated conformers.?®

Calculation of field descriptors

Using Gasteiger-Marsili charge type® electrostatic and steric field de-
scriptors were calculated with cut offs of 10.0 kcal/mol and 30.0 kcal/mol
for electrostatic and steric respectively. The dielectric constant was set
to 1.0, considering distance-dependent dielectric function. Probe setting
was carbon atom with charge +1.0. 3D-QSAR analysis was performed
after removal of all the invariable columns, as they do not contribute to
QSAR.

k-Nearest neighbour molecular field analysis (kNNMFA)

The kNN methodology relies on a simple distance learning approach
whereby an unknown member is classified according to the majority of
its KNN in training set.” The steric and electrostatic interaction energies
are computed at lattice points of the grid using a methyl probe of charge
+1. These interaction energy values are considered for relationship gen-
eration and utilized as descriptors to decide nearness between molecules.

kNN-MFA with simulated annealing (SA)

SA 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 pro-
cess, the system samples possible configurations distributed according to
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the Boltzmann distribution so that at equilibrium, low energy states are
the most populated.

kKNN-MFA with genetic algorithm (GA)

GA mimics natural evolution and selection. In biological systems, genet-
ic information that determines the individuality of an organism is stored
in chromosomes. This method employs a stochastic variable selection
procedure, combined with kNN, to optimize (i) the number of nearest
neighbours (k) and (ii) the selection of variables from the original pool
as described in simulated annealing.

RESULTS

MIC values against Candida albicans were taken from the literature and
activity data (MIC) of each molecule were converted into logarithmic
scale [pMIC = -log (MICx10°)] was used as dependent variable for 2D-
and 3D-QSAR analysis and it is listed in Table 1 and Table 2 respectively.
Table 3 and 4 are of unicolumn statistic of training and test set of 2D
and 3D QSAR models respectively. The frequency of use of a particular
descriptor in the population of equations indicated the relevant contri-
butions of the descriptors (Table 5). Various statistical parameters in the
2D QSAR are shown in Table 6. The stepwise forward backward vari-
able selection method resulted in several statistically significant models
as shown in Table 7. The molecular descriptors which are contributing in
3D QSAR study are shown in Table 8.

Figure 1 is a series of 20 triterpenoid saponins selected for study from lit-
erature. Figure 2 shows Contribution plot for model 1 reveals that the Es-
tate contribution descriptors like SSCH3E-index contributing inversely
and SdsCHE-index are contributing positively as 75%, 25% respectively
to biological activity. Figure 3 of the contribution plot for model 2 reveals

that the Estate contribution descriptor such as SdssCE-index is contrib-
uting 100% to biological activity. Figure 4 and 5 is showing 3D-QSAR
models with important steric and electrostatic points contributing to the
models with range of values shown in parenthesis.

DISCUSSION

2D-QSAR equations were selected by optimizing the statistical results
generated along with variation of the descriptors in these models. The
fitness/pattern plots were also generated for evaluating the dependence
of the biological activity on various different types of the descriptors.
Statistically significant QSAR models were selected for discussion.

Model-1 (MLR)

MIC (Candida albicans) = -42.4282(+4.8546)
+50.7691(+16.8111) SdsCHE-index +791.7581.

where n = 12 training and 8 test, DF = 9, r* = 0.855, q* = 0.771, F-test =
26.550, 1% se = 0.452, q* se = 0.427, pred_r* = 0.639

The experimental and predicted activities with residual value are shown

SsCH3E-index

in Table 1. Following Figure 2 shows Contribution plot for model 1 re-
veals that the Estate contribution descriptors like SSCH3E-index con-
tributing inversely and SdsCHE-index are contributing positively as
75%, 25% respectively to biological activity.

Model-2 (PLS)

MIC = +118.0474SdssCE-index+343.3258.

where n = 12 training and 8 test, DF = 10, r* = 0.7889, q* = 0.727, F-test
=37.365, r? se = 0.195, ¢* se = 0.295, pred_r* = 0.578

Table 1: Experimental and Predicted activity of saponin analogue in 2D QSAR study.

Antifungal activity against Candida albicans pMIC®

Sr.No. Structure MLR model PLS model
Exp. Pred. Residual Exp. Pred. Residual

1. Arvenoside B A7 5.50 4.01 1.49 5.50" 3.65 1.85
2, Barrigenol family A19 4.57 3.85 0.72 4.57" 35 1.02
3. Barrigenol family A25 4.54 - - 4.54 - -

4. Chenopodium Quinoa 2 3.299 3.42 -0.121 3.299 3.27 0.029
5. Chenopodium Quinoa 10 3.300 3.31 -0.01 3.300 3.40 -0.1
6. Chenopodium Quinoa 1 3.297" 3.488 -0.191 3.297" 3.313 -0.016
7. Chenopodium Quinoa 3 3.295" 3.36 -0.065 3.295 3.317 -0.022
8. Chenopodium Quinoa 4 3.294" 3.422 -0.128 3.294 3.276 0.018
O} Chenopodium Quinoa 5 3.2927 3.361 -0.069 3.292 3.32 -0.028
10. Chenopodium Quinoa 6 3.290 3.31 -0.02 3.290 3.279 0.011
11. Chenopodium Quinoa 7 3.301 3.315 -0.014 3.301 3.39 -0.089
12. Chenopodium Quinoa 8 3.296" 3.221 0.075 3.296 3.38 -0.084
13. Chenopodium Quinoa 9 4" 3.26 0.74 4" 3.320 0.68
14. Maesabalide family A17 4.50 - - 4.50" 4.14 0.36
15. Maesabalide family A21 4.78 - - 4.78 4.76 0.02
16. Oleanane and ursane 1 4.19" 3.67 0.52 4.19" 3.35 0.84
17. Oleanane and ursane 2 4.79 3.707 1.09 4.79" 3.571 1.22
18. Oleanane and ursane 3 3.88 3.85 0.03 3.88 3.572 0.31
19. Phytolaccoside B 3.90" 3.39 0.51 3.90 3.458 0.442
20. Sakurasosaponin A2 4.56 - - 4.56" 3.851 0.709

Expt. =Experimental activity, pred. =Predicted activity; a= -log (MICx10); T= Test set
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Figure 1: Saponins selected for QSAR study.
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Table 2: Experimental activity and predicted activity of 3D QSAR models.

Antifungal activity against Candida albicans pMIC*

Sr.No. Structure

Exp.
1. Arvenoside B A7 5.50
2. Barrigenol family A19 4.57
3. Barrigenol family A25 4.54
4. Chenopodium Quinoa 2 3.299
5. Chenopodium Quinoa 10 3.300
6. Chenopodium Quinoa 1 3.297
7. Chenopodium Quinoa 3 3.295
8. Chenopodium Quinoa 4 3.294
9. Chenopodium Quinoa 5 3.292
10. Chenopodium Quinoa 6 3.290
11. Chenopodium Quinoa 7 3.301
12. Chenopodium Quinoa 8 3.296

13. Chenopodium Quinoa 9 4
14. Maesabalide family A17 4.50
15. Maesabalide family A21 4.78
16. Oleanane and ursane 1 4.19
17. Oleanane and ursane 2 4.79
18. Oleanane and ursane 3 3.88
19. Phytolaccoside B 3.90
20. Sakurasosaponin A2 4.56

Expt. =Experimental activity, pred. =Predicted activity; a= -log (MICx10°); T= Test set.
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Figure 2: A. Contribution plot for model 1 by MLR method. B. Data fitness plot
for model 1 by MLR method.

The structures, experimental and predicted activity with residual value
are shown in Table 1. Figure 3 shows the contribution plot for model 2
reveals that the Estate contribution descriptor such as SdssCE-index is
contributing 100% to biological activity. In the 2D QSAR various statisti-
cal parameter (Table 6) were used to evaluate the models includes, num-
ber of compounds in regression n, Degree of freedom, the regression co-
efficient 7%, Cross validated coefficient correlation g2 F test (Fischer’s test)
For the statistical significance F, The regression coefficient is a relative
measure of fit by the regression equation. This shows the part of variation
in observed data explained by regression. The 1* value is greater than 0.7
or closer to 1.0 gives the best fit. Also, the q* value is always greater than
0.5 gives best fit. High value of F test shows model is significant. Pre-
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Model 1(SA) Model 2(GA)
Pred. Residual Exp. Pred. Residual
4.68 0.82 5.50 0 5.5
3.58" 0.99 4.57 4.38 0.19
or 4.54 4.54 5.03 -0.49
3.2962 0.0028 3.299 3.2955 0.0035
3.2967 0.0033 3.300 3.2950 0.005
3.2967 0.0003 3.297 3.2954 0.0016
3.2954 -0.0004 3.295 3.2974 -0.0024
3.2965 -0.0025 3.294 3.2982 -0.0042
3.3005 -0.0085 3.292 3.2997 -0.0077
3.2959 -0.0059 3.290 3.2959 -0.0059
3.2965 0.0045 3.301 3.2950 0.006
3.3006" -0.0046 3.296 3.2949 0.0011
0 4 4 0 4
3.5079" 0.9921 4.50 3.2975 1.2025
5.3561 -0.5761 4.78 4.5594 0.2206
0 4.19 4.19 4.8244 -0.6344
4.8642 -0.0742 4.79 4.2514 0.5386
4.4178" -0.5378 3.88 3.5646 0.3154
402618" -4026 3.90 3.5694 0.3306
5.3781 -0.8181 4.56 4.7796 -0.2196
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Figure 3: A. Contribution plot for model 2 by PLS method B. Data fitness plot
for model 2 by PLS method.

dicted * is for the external test set shows predictive capacity of model the
Pred_r* greater than 0.5 shows that the model is good predicted. Also, Z
score is calculated by the q” in randomization. Best_ran_q? is the highest
q* value in the randomization test and a_ran_g? is the statistical signifi-
cance parameter obtained by randomization test.

3D-QSAR modelling was performed using KNN-MFA method that
adopts a kNN principle for generating relationships between molecu-
lar fields and antifungal activity against Candida albicans. The kNN-
MFA models were generated using training set of 14 compounds and
3D-QSAR models were validated using a test set of six compounds. The
steric (S) and electrostatic (E) descriptors specify the regions, where
variation in the structural features of different compounds in training
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Table 3: Unicolumn Statistic of training and test set of 2D QSAR models.

Models  Data set Column Average Max. Min. sD Sum
name
Model1 Training MICug/ml  191.19  512.00 3.10  233.00 229430
(MLR) Test MIC ug/ml 31275  510.00 640 21297 2822.00
Model2 Training MICug/ml  362.01  512.00 16.50 214.33 434420
(PLS) Test MIC ug/ml 96.51 504.00 3.10 16745 77210

Table 4: Unicolumn Statistic of training and test set of 3D QSAR models.

Data Column .
Models Average Max. Min. SD Sum
set name
Training MIC 305.0071 512.0000  3.1000 241.2060  4270.1000
Models
Test MIC 141.0333 505.0000  26.5000 184.7672 846.2000

Table 5: Molecular descriptor contributing in present 2D QSAR study.

Estate contribution

. Description
Descriptor P

Electrotopological state indices for number
of -CH3 group connected with one single
bond.

SsCH3E-index

Electrotopological state indices for number
of ~CH group connected with one double
and one single bond.

SdsCHE-index

Electrotopological state indices for number
of carbon atom connected with one double
and two single bonds.

SdssCE-index

Table 6: Statistical parameters of MLR and PLS methods for 2D QSAR.

Candida albicans
Parameter
MLR model PLS model

N 12 12
DF 9 10

r 0.8551 0.7889
q 0.7717 0.7270
F test 26.550 37.365
r2se 0.452 0.195
q2se 0.427 0.295
pred_r2 0.639 0.578
pred_r2_se 0.5842 0.5457
best_ran_r2 0.430 0.4523
best_ran_q2 0.2490 0.3397
Best_ran_pred_rZ 0.54706 0.31157

Where, N - Number of molecules, K - Number of descriptors in a model, DF -
Degree of freedom (higher is better), r* - Coeflicient of determination (> 0.7),
q* - Cross-validated r (>0.5), pred_r? - r for external test set (>0.5), F-test - F-
test for statistical significance of the model (higher is better, for same set of
descriptors and compounds).

set leads to increase or decrease in activities. The number accompanied
by descriptors represents its position in 3D MFA grid. The stepwise for-
ward backward variable selection method resulted in several statistically
(Table 7) significant models, of which following models considered as
the best one. Nearness of experimental and calculated activity value de-
scribed in Table 2 are also adding to this fact. The molecular descriptors
which contributing in 3D QSAR study is shown in Table 8. Fitness plot

Journal of Young Pharmacists, Vol 12, Issue 1, Jan-Mar, 2020
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Figure 4: A. data fitness plot for model 1 by SA method B. Data fitness plot for
model 2 by GA method.
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Figure 5: Contour plots of 3D-QSAR models with important steric and elec-
trostatic points contributing to the models with range of values shown in pa-
renthesis.

Table 7: Statistical evaluation of 3D QSAR models of simulated anneal-
ing, Geometrical algorithm.

Parameters 3d QSAR models (knn
method)
Model 1 (Simulated Model 2 (Genetic
Annealing) Algorithm)
KNN 2 2
Degree of Freedom 11 9
q 0.9798 0.9808
q*_Se 34.3014 33.4007
Pred_r? 0.5562 0.2003
Pred_r*Se 171.6730 230.4404

The best model selection is based on the values of q% pred_r?, q*_se and pred_
r’_se.

(q’= internal predictive ability of the model; pred_ r’= the ability of the model
to predict the activity of external test set).

Table 8: Molecular descriptor contributing in present 3D QSAR study.

3D descriptors

Electrostatic Steric

E_190 (SA) S_299 (GA)
E_1006 (SA) S_880 (GA)
E 285 (GA) S_802 (GA)
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for 3D QSAR studies is shown in Figure 4 and contour plots of 3D-QSAR
models with important steric and electrostatic points contributing to the
models with range of values shown in parenthesis is shown in Figure 5.

Model 1-SA
pMIC = E_190 (0.2175 0.3411) and E_1006 (0.1482 0.3106)

The 3D QSAR model 1 gives values of k (2), q* (0.9798), pred_r? (0.5562),
q*_se (34.3014), pred_r>_se (171.6730) prove that QSAR equation so ob-
tained is statistically significant.

Model 2-GA

pMIC = S_299 (-0.0283 -0.0128), S_880 (-0.4826 -0.1415), S_802
(-0.0935 -0.0860) and E_285 (0.3928 1.1382)

The 3D QSAR model-2 gives the values k (2), q* (0.9808), pred_r*
(0.2003), q*_se (33.4007) and pred_r*_se (230.4404). Prove that QSAR
equation so obtained is statistically significant.

CONCLUSION

It is concluded that statistically significant 2D/3D-QSAR models were
generated with the purpose of deriving structural requirements for the
inhibitory activities of saponin analogues against Candida albicans.
The best 2D-QSAR model indicates that the descriptors SSCH3E-index
contributing inversely and SdsCHE-index, SdssCE-index are contribut-
ing positively as 75%, 25% and 100% respectively to biological activity.
KNN-MFA investigated the substitution requirements for the receptor-
drug interaction and constructed the best 3D-QSAR models providing
useful information in characterization and differentiation of their bind-
ing sites. In conclusion, the information provided by the robust 2D/3D-
QSAR models will be useful for the design of new molecules and hence,
this method is expected to provide a good alternative for the drug design.
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