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ABSTRACT
Major computational tools QSPR models are used to correlate molecular characteristics with physiochemical properties
of molecules. In present work, QSPR and QSAR models are formed with the help of AIC and VIF multicollinearity
indicators for descriptors selection taking solubility and activity data of Atovaqnone derivatives. Geometry optimization
of these derivatives was performed at PM6 and AM1 using Gaussian software. The selection of descriptors was
performed in Multiple steps were implemented to determine optimal models using selected descriptors which contain
three and four descriptors for QSAR and QSPR models. The R2 & Q2 values are 0.90 & 0.80 and 0.99 & 0.98 for QSAR
and QSPR geometries respectively.

INTRODUCTION
The aqueous solubility of drug compounds is one of the most important factors in determining their biological
activity. In many cases, drugs that show a good activity when administered by the parenteral route may be
totally inactive when given orally (1). Poor oral activity in such cases is often due to the fact that a sufficient
amount of drug to achieve the desired response has not reached at the site of action. Hence an insufficient
aqueous solubility is likely to hamper bioavailability of the drugs. The conventional synthetic strategies which
was followed by the formation of combinatorial libraries consequently made the selection of compounds with
higher molecular weights and higher lipophillicity and lower aqueous solubility. Although many experimental
methods like HTS “ranking” screens and other equations like GSE (general solubility equation) (2) and
AQUAFAC (3) methods are developed for the prediction of aqueous solubility but these methods requires
either the sample data or the experimental data. Hence, there grows the interest in computational screens of
molecules lowering the risk to efficient drug formulation which occurs due to solubility. Structure-based
methods which are relaible, applicable and fast got attention for the prediction of aqueous solubility of new
drugs (4). The quantitative structure property-relationship (QSPR) models and data mining methods are
efficient techniques to correlate molecular characteristics with physicochemical properties of molecules (5).
Owing to their superior performances, these models were implemented to predict diverse physicochemical
properties of molecules (6). In the current study four low soluble drug compounds Acelofenac, Albendazole,
Atovaquone, Griseofulvin were considered and the formation of robust QSPR and QSAR models for the
derivatives of Atovaquone drug compound. The Dragon molecular descriptors were extracted for each
derivative. Important statistical methods, such as akiake information criteria (AIC) and variance inflation
factor (VIF) multicollinearity indicators (7) were used to identify independent descriptors. The QSPR and
QSAR models for aqueous solubility and activity respectively were validated using 9-fold cross-validation.

MATERIALS AND METHODS
QSPR and QSAR model correlating aqueous solubility and activity with structural descriptors are developed
from the protocol provided in Fig. 1. The details of each step are given below.

1.1 Solubility & activity data collection and geometry optimization
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Four drugs belonging to different therapeutic classes with low solubility values are taken from literature
(Table I). Solubility values of these drugs were taken from literature also the solubility values of these
derivatives were calculated from Data Warrior software. The regression between the experimental solubility
value and the solubility value calculated by the Data Warrior comes out to be 0.97 (Fig. 1). Eighteen diverse
Atavaquone derivatives having either better or comparable solubility were collected from literature (8,9,10).
Also, activity data for these derivatives were colletced from literature. Structure of these four drugs and the
Atavaquone derivatives were drawn in Chemsketch. Semiempirical method PM6 was used to determine their
optimized geometries using Gaussian 09 quantum chemistry software (11). Solubility values of Atovaquone
derivatives were calculated from the regression equation obtained above, as the regression value is quite high
hence these calculated solubility values were considered as experimental solubility values for Atovaquone
derivatives and QSPR and QSAR models were developed.

Table I Drug and their therapeutic classes

Therapeutic class Drug Solubility value
(mg/ml)

Antifungal Griseofulvin,
Atovaquone

0.0504, 0.000796

Antiparasitic Albendazol 0.0228

Antibiotic Aceclofenac 0.15

Fig. 1. Experimental solubility (ly) vs calculated solubility (cly)

1.2 Structural descriptors and their reduction

Total 5250 descriptors belong to 30 groups were extracted using the Dragon software (Mauri et al., 2006).
Correlation and variance among the descriptors acounts for the separation of each descriptor group into eight
independent subgroups: positively very high correlated with high variance (pvhchv), positively very high
correlated with low variance (pvhclv), positively high correlated with high variance (phchv), positively high
correlated with low variance (phclv), positively moderately correlated with high variance (pmchv), positively
moderately correlated with low variance (pmclv), zero correlated with high variance (zchv) and zero
correlated with low variance (zclv). The eight modules were compiled and executed in R-3.2.2 (cran.r-
project.org). Then for selection of independent descriptors on each subgroup AIC and VIF multicollinearity
indicators were applied and descriptors with p value < 0.05 were selected for models development.
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Fig. 2. Geometry optimization, descriptor extraction, selection, and development & validation of QSPR
model.

1.3 Non-Linear multiple regression analysis for descriptor selection

Significant molecular descriptors which were having positive values vary linearly with log (ely) (logarithm of
solubility) whereas negative descriptors values vary exponentially with log (ely) as shown by initial statistical
analysis. Therefore, the following regression equation (Eqn. 1) was proposed:log( ) = + + .. Eqn (1)

Where logβ0 is the constant; βp is the coefficient of descriptors whose values are positive; logXp is the
logarithm of descriptor value; Xn is the negative descriptor value; and βn is the coefficient of negative
descriptor. Descriptor selection for each thirty groups was done.

1.4 QSPR and QSAR models formation and validation

Step-wise regression analysis was carried out in WEKA-3.6.11 (12) (classifier linear regression -S 0 -R 1.0E-
8 module) with the selected descriptors to form the QSPR and QSAR models. Only 9-fold results were
reported for all correlation (Q2) analysis as 9-fold validation results were consistent and at this fold the R2 and
Q2 values are as close as possible.

RESULTS AND DISCUSSION
The QSPR and QSAR models for the Atovaquone derivatives were developed by correlating the log solubility
(logS) and log activity (logA) with independent molecular descriptors. PM6 geometry optimized structures
were used to extract molecular descriptors. Multicollinearity indicators akiake information criteria (AIC) and
variance inflation factor (VIF) were implemented in R-3.2.2 to extract independent and significant descriptors.
Finally, the WEKA was used to develop and validate both the models.

Descriptors three classes

1-Dimensional, 2-Dimensional, 3-Dimensional

Descriptors thirty groups

PVSA, Constitutional,Connectivity,etc.

Reduction of descriptors using covariance

pvhchv, pvhclv, phchv, phvlv, pmchv, pmclv, zchv, zclv

1-Dimensional, 2-Dimensional, 3-
Dimensional

Descriptor selection

AIC and VIF Multicollinearity indicators

QSPR &QSAR models development and validation

Non-linear multicollinear model and correlation
coefficient calculation using 9-fold cross-validation

Geometry optimization

PM6 semi-empirical methods



316 Nupur S Munjal, Sumita Dutta, Manu Sharma, Chittaranjan Rout

International Journal of Engineering Technology Science and Research
IJETSR

www.ijetsr.com
ISSN 2394 – 3386

Volume 4, Issue 12
December 2017

Each individual thirty groups of descriptors were evaluated for R2 and Q2 using protocol described in Fig. 2.
Descriptors providing successful models from selected descriptor groups were combined and significant
descriptors were selected using AIC & VIF to enhance QSAR and QSPR models (Table II & Table III).

Table II Regression (R2) and 9-fold cross validation correlation (Q2) coefficients of some Dragon molecular
descriptor groups for QSAR model.

S. No. Descriptor Group PM6 optimized geometry dataset

No. of  descriptors# R2 Q2

1 Connectivity Indices 6 (2) 0.55 0.41

2 ETA_Indices 8 (1) 0.55 0.51

3 Molecular Properties 10 (1) 0.51 0.32

4 P_VSA-like descriptors 9 (1) 0.53 0.41

5 Walk and path counts 10 (2) 0.60 0.33

#Parenthesis indicates the no. of  significant descriptors in QSAR equation.

Table III Regression (R2) and 9-fold cross validation correlation (Q2) coefficients of some Dragon molecular
descriptor groups for QSPR model.

S. No. Descriptor Group PM6 optimized geometry dataset

No. of  descriptors# R2 Q2

1 Connectivity Indices 7 (3) 0.97 0.96

2 ETA_Indices 6 (5) 0.99 0.98

3 Molecular Properties 10 (3) 0.98 0.97

4 P_VSA-like descriptors 10 (6) 0.98 0.93

5 Walk and path counts 12 (3) 0.96 0.93

6 2D Autocorrelation 30 (17) 0.99 0.90

7 Atom E-state Indices 6 (5) 0.91 0.88

8 Burden Eigen values 36 (14) 0.99 0.89

9 Functional group counts 7 (1) 0.89 0.88

10 Constitutional descriptors 9 (3) 0.97 0.96

11 Drug-like indices 4 (2) 0.95 0.94

12 Information indices 13 (6) 0.99 0.98
#Parenthesis indicates the no. of  significant descriptors in QSPR equation.

The consistent QSPR models with significantly matching regression and correlation coefficients were
determined (Model I & II, Table IV).



317 Nupur S Munjal, Sumita Dutta, Manu Sharma, Chittaranjan Rout

International Journal of Engineering Technology Science and Research
IJETSR

www.ijetsr.com
ISSN 2394 – 3386

Volume 4, Issue 12
December 2017

Table IV Regression (R2) and 9-fold cross validation correlation (Q2) coefficients of QSAR & QSPR models

S.
No
.

PM6 optimised geometry dataset

Model No. of  descriptors% R2 Q2 RMSE

1 QSAR 7 (3) 0.90 0.80 2.07

2. QSPR 5 (4) 0.99 0.98 0.30
%Parenthesis indicate the no. of significant descriptors in QSPR equation. Selected descriptors were used to
develop enhanced QSPR model.

QSAR Model:= 4.9448 − 0.83080 ∗ 6 − 4.7095 ∗ 36 + 4.029 ∗ 41
.....Model I

QSPR Model:= −0.92 + 0.2783 ∗ 4 − 0.3331 ∗ _ + 0.0469 ∗ _ _ _5 − 0.0159 ∗ _ _ _
.....Model II

The QSPR model was developed using log solubility and all the independent descriptors of Atovaquone
derivatives. AIC and VIF statistical multicollinearity indicators were employed to remove inter-related
descriptors and only significant descriptors were selected and used for model selection. These methods are
implemented for small datasets as this protocol is giving comparable R2 and Q2 results. In statistical analysis,
the effect of a given variable on response is estimated most of the times. But in case of model selection, the
effect of each variable on model is evaluated. The proposed QSAR & QSPR models are of high statistical
quality. Further, the robust statistical techniques AIC and VIF were implemented for descriptor reduction and
selection to determine significant three/four features from intial 5250 descriptors provided by Dragon 7
software. The QSAR & QSPR models formed can be implemented for predicting the aqueous solubility of
unknown derivatives.
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