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ABSTRACT
Viral hepatitis C infection is one of the main causes of the
hepatitis after blood transfusion, hepatitis C virus (HCV) infection
is a global health threat. The Non-structural viral protein (NS5B) is
one of the best-studied polymerase which emerged as an
attractive target for the development of novel therapeutics against
hepatitis C virus. Quantitative structure-activity relationship
studies (QSAR) was carried out on a series of indole derivatives
as anti-hepatitis C inhibitors. Density Functional Theory (DFT)
quantum chemical calculation method was used to find the
optimized geometry of the indole inhibitors. Five types of
molecular descriptors were used to derive a quantitative relation
between indole activity and structural properties. The relevant
molecular descriptors were selected by Genetic Function
Algorithm (GFA). The best model (model 1) was validated and
found to be statistically significant with squared correlation
coefficient of R2 of 0.969, R2adj value 0.917, and Q2 LOO 0.612
and the external validation was found to be R2 pred. = 0.815. The
proposed model has good stability, robustness, and predictability
on verifying with internal and external validation. The
physicochemical parameters are to be considered when
improving the inhibitory activities of the indole derivatives against
an enzyme that causes HCV (NS5B polymerase).
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INTRODUCTION
Hepatitis means inflammation of the liver. It is caused by several
mechanisms, including certain infectious agents (Balavignesh et
al., 2013). Viral hepatitis is caused by different type of viruses
such as hepatitis A, B, C, D and E. Jaundice is one of the
characteristic features of hepatitis disease and proper diagnosis
could be made by testing the patient’s sera for the deduction of
antiviral antibodies (Balavignesh et al., 2013). Many people with
Hepatitis C do not have symptoms and do not know they are
infected. If symptoms occur, they can include: fever, feeling tired,
not wanting to eat, upset stomach, throwing up, dark urine, greycolored stool, joint pain, and yellow skin and eyes (Rustgi, 2007).
Hepatitis C Virus (HCV) is a RNA-type virus and belongs to family
of flaviridae and genus hepacivirus (Frese et al., 2003). The
genome of HCV is about 9.6 kilo base pairs in length encoding a
polyprotein of over 3000 amino acids which is cleaved by HCV
genome proteases (Chinnaswamy et al., 2010). The protein NS5B
polymerase is an RNA dependent RNA polymerase (Balavignesh
et al., 2013). It has been clinically validated that NS5B is essential
for HCV replication (Balavignesh et al., 2013).
At present, HCV vaccine is unavailable (Fauvelle et al., 2013) and
(Law et al., 2013) and the standard of care (SOC) involves the
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combination of a protease inhibitor with pegylated α-interferon
(PEG-IFN-α) and the oral nucleoside antiviral agent ribavirin
(RVB) (Lü and Xue, 2011). However, there are some malpractices
of this therapy, such as poorly tolerated, unsuccessful cured for
all patients, high cost, long treatment period, low sustained
virological response rates, undesirable side effects and so on
(Haudecoeur et al., 2013). Therefore, it is meaningful in the HCV
research area to look for and develop a novel specifically targeted
antiviral structure. At present, finding drugs directly targeting
nonstructural proteins has been focused on intensive research
(Summa et al., 2004) and (Gao et al., 2010).
Computer drug design has been extensively used for drug
discovery and development of drugs due to their extrusive
advantages of time-consuming, cost-reducing, the high efficiency
in silico screening and prediction of candidate drugs with
advancement in computer techniques and simulation Software
(Mohammad and Zohreh, 2013) over the traditional wet laboratory
method. QSAR is a way of finding a simple equation that can be
used to calculate some property from the molecular structure of a
compound. QSAR attempt to correlate structural molecular
features (descriptors) with physicochemical properties such as
biological activities for a set of compounds, by means of statistical
methods. The process of building a QSAR model is similar, apart
from what type of property is being predicted (Roy et al., 2015).
QSAR plays an important role in lead structure optimization and it
can be predicted that QSAR methods will become essential for
handling the huge amount of data associated with combinatorial
chemistry. Quantitative Structure Activity Relationships (QSARs)
are also a relationships between structural properties of chemical
substances and another property. This other property can be a
physico-chemical property or a biological activity, including the
ability to cause toxic effects (Roy et al., 2015). This research was
aim to develop various QSAR models using Genetic Function
Algorithm (GFA) method for predicting the activities of some
selected indole derivatives.
MATERIALS AND METHODS
DATA SET.
Thirty-five 35 reliable indole derivatives were screen from the
literature and used for the present research (Wei et al., 2016).
The indole activities of the molecules measured as pIC50 (nM)
were expressed in logarithmic scale as pIC50 (pIC50 = log 1/ pIC50)
and then used as dependent variable. Consequently, the data
was correlated linearly to the independent variable/descriptors.
The observed structures, the biological activities, predicted values
and residuals value of the training and test sets of these
compounds were presented in Table 1.
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Table 1. Biological activities, predicted value and Residual value
of training and test set indole derivatives.
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algorithm developed better models than those made using
stepwise regression methods. Thus, the models were estimated
using the LOF, which was measured using a slight formula of the
original Friedman formula, so that the better score can be
received. The revised formula of LOF (Khaled, 2011) is as in
equation 1:
𝑆𝑆𝐸
LOF =
(1)
𝑐+𝑑𝑝
(1−

𝑀

)²

SSE is the sum of squares of errors c is the number of terms in
the model, unlike the fixed term d is a user-defined smoothing
parameter, p is the total number of descriptors contained in all
model terms (ignoring the constant term), and M is the number of
samples in the training set.
Quality assurance of the model
The reliability and predictive power of QSAR models were
evaluated by internal and external validation parameters.
Internal and external validations
The internal and external validation parameters were compared
with the minimum recommended value for the evaluation of the
quantitative QSAR model (Veerasamy et al., 2011) as shown in
Table 2. The R2 describes the fraction of the total variation
attributed to the model, equation 2 shows the formula for
calculating the internal and external validation.
Molecular modeling
All structures were constructed using ChemDraw Ultra 12.0
Software and save as cdx file format, the structures were
converted to 3D using Spartan 14.0 version 1.1.2 software,
molecular mechanics force field (MM+) calculation was carried out
to minimize the energy of the molecules prior to the quantum
chemical calculations. Density functional theory with B3LYP/6311G* was employed for complete geometry optimization of the
drawn structures to obtain the lowest energy for all the inhibitors.
The sdf format of the optimized structures that were from the
Spartan’14 version 1.1.2 software package (Abdulfatai et al.,
2017) was converted to PaDEL-Descriptor version 2.18 toolkits
(Yap, 2011) where the calculation of 1D, 2D, and 3D descriptors
took place.
Computational method
For validated QSAR models, the descriptors (1D-3D) generated
from the PaDEL version 2.18 toolkits (Yap, 2011) was divided into
training and test sets. The training set was used to generate the
model, while test set was used for external verification of the
model (Kennard and Stone, 1969). The relationship between the
activity values of the indole molecules against NS5B polymerase
and calculated descriptors was obtained through correlation
analysis using material studio software version 8. The Pearson’s
correlation matrix was used as a qualitative model in order to
determine appropriate descriptors for regression analysis.
The descriptors from PaDEL version 2.18 toolkits (Yap, 2011)
were analyzed for regression analysis with experimentally
determined activities as the dependent variable and the selected
descriptors as the independent variables using Genetic Function
Algorithm (GFA) method in Material Studio software version 8.
The models were registered based on Friedman’s Lack of Fit
(LOF). In GFA algorithm, the individual or model is represented as
a one-dimensional bit. The characteristic of GFA is that it can
create a population of models instead of a single model. GFA

R2 = 1 -

Ʃ (𝑌𝑜𝑏𝑠 −𝑌𝑝𝑟𝑒𝑑 )²

(2)

Ʃ (𝑌𝑜𝑏𝑠 −Ӯ𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 )²

where Yobs, Ypred, and Ytraining are the experimental property,
the predicted property, and the mean experimental property of the
samples in the training set respectively.(Veerasamy et al., 2011).
Adjusted R2 value varies directly with the increase in a number of
repressors i.e. descriptors; thus, R2 cannot be a useful measure
of the goodness of model fitness. Therefore R2 is adjusted for the
number of explanatory variables in the model. R2 adj is defined as
in equation 3.
(𝑛−1) 𝑅2−𝑝
𝑛−1
R2 adj = 1- (1-R2)
=
(3)
𝑛−𝑝−1

𝑛−𝑝+1

Where n is the number of training compounds, p= number of
independent variables in the model.
The leave one out cross validation coefficient (Q2) is given by
equation 4.
Q2 = 1 -

Ʃ(𝑌𝑝−𝑌)²
Ʃ (𝑌−𝑌𝑚)²

(4)

where Yp and Y are the predicted and observed activity
respectively of the training set and Ym is the mean activity value
of the training set (Jalali-Heravi and Kyani, 2004).
Applicability domain
Applicability Domain (AD) is the chemical descriptor space
incorporated by special training collection of chemicals. The
applicability domain of the developed models was assessed in
order to specify the scope of their proposed models by defining
the model limitations with respect to its structural domain and
response area. Leverage refers to the compound’s distance from
the centroid of X. The leverage of the compound in the defined
original variable space is as follows:
hi = 𝑋𝑖𝑇 (XT X)-1 Xi
(5)
The warning leverage (h*) is defined as follows:
3(𝑃+1)
hi =
(6)
𝑁
N is the number of training compounds, and p is the number of
predictor variables. Xi is the descriptor vector of the considered
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compound and X is the descriptor matrix derived from the training
set descriptor values. Figure 2 shows that six of the test set
compound fall outside the domain of the model (the warning
leverage limit is 0.4), hence they are accepted as influential

Table 4: Validation of the genetic function approximation from
Material Studio

Table 2. General minimum recommended value for the evaluation
of the quantitative QSAR model

The closer the value of R2 is to 1.0, the better the regression
equation explains the Y variable.
RESULTS AND DISCUSSION
Five developed QSAR models were generated out of which the
best model (model 1) was identified and reported due to the
statistical importance. Table 3 shows the name and definitions of
the descriptors used in the QSAR model. Table 4 gives the result
of the Genetic Function Algorithm (GFA) of model 1 produced
from Material Studio software version 8. The minimum
recommended value for validation of the generally acceptable
QSAR model was consistent with the parameters of model 1.
Based on the generated statistics, Model 1 was selected and
reported as the best QSAR model.
pIC50 = 0.223637543 * ATSm2 - 0.214761052 *ATSm3 0.214761052 * BCUTw-1l + 0.229604208 * MLFER_L+
28.226827661 * PetitjeanNumber + 19.85022, N = 35, R2ext. =
0.81500, R2 = 0.969577, R2adj = 0.917208, LOF = 0.210472, Min
expt. Error for non-significant LOF (95%) = 0.173480
Table 3. List of some physiochemical descriptors used for the
best model

From Table 4, the square of the correlation coefficient (R2)
describes the fraction of the total variation attributed to the model.
The closer value of R2 is to 1.0, the better the regression equation
explains the Y variable. R2 is the most commonly used internal
validation indicator.
The correlation matrix was performed on the descriptors of model
1 and found to be highly correlated which means that the
descriptors used to build the model are good (Table 5).

Table 5: Pearson’s correlation matrix for descriptors used in
QSAR model for the activities of anti-hepatitis C

Figure 1 shows that the developed model is stable and the
residuals on both sides of zero are randomly propagated. Figure 2
also shows the Williams' plot that is the plot of standardized
residuals against leverages value for each compound in the
dataset resulting in the discovery of 6 influentials compounds
(pIC50 of 2.26, 1.63, 2.08, 2.49, 1.96, and 2.87). The influencials
compound were out of the applicability domain of the model
because their leverage values are higher than the warning
leverage value (h* = 0.64), and the high leverage value is
responsible for influencing the performance of the model.

Figure 1: The plot of the Experimental and predictive activity of
both training and test set of the best model (1)
Figure 2, Applicability Domain (AD) of the chemical descriptors
space of both the training set and test set. The applicability
domain of the developed models was assessed in order to specify
the scope of their proposed models by defining the model
limitations with respect to its structural domain and response
space.
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actual, predicted and residual pIC50 values of the test set
compounds are presented in the Table 7, which shows a good
agreement between the test set compounds.
Table 7: Calculation of predictive R2 of model 1

h* = 0.64
Figure 2: Williams plot, the plot of the standardized residuals
versus the leverage value of both the training set and test set of
model 1
Table 6 shows the corresponding VIF values of the descriptors in
which three of the variables have VIF values of less than 10,
indicating that the obtained model has statistical significance and
the descriptors were found to be reasonably orthogonal (Riu and
Rius, 1996).

The stability, reliability and robustness of the generated model 1
were confirmed by predictive R2 (Table 8). The predictive R2 for
model 1 were in agreement with the standard minimum
recommended value for the evaluation of the quantitative QSAR
model.
Table 8: External validation of Model 1

Table 6: Variance Inflation Factor (VIF) Statistic for the
Descriptors in Model 4.1

Therefore, Pred. R2 = 1 - (0.4242/1.2802) = 0.926606.

Interpretation of descriptors in model 1
ASTm2 and ASTm3 have are defined as 2D correlated
descriptors ATs autocorrelation descriptor weighted by scale
atomic mass. MLFER_L is 2D MLFER Descriptors which is
defined as the overall or summation solute hydrogen bond acidity.
BCUTw-1I is also 2D PaDEl rotatable bonds count Descriptors
and is defined as the high lowest atom weighted BCUTS.
PetitjeanNumber is another 2D Descriptor and is defined as
Petitjean topological shape index.
The positive coefficients in model 1 implies that increase in
physiochemical parameters of BCUTw-1l (High lowest atom
weighted BCUTS), PetitjeanNumber (Petitjean topological shape
index) and MLFER_L (Overall or summation solute hydrogen
bond acidity) will increase the anti-Hepatitis C activities (pIC50)
against NS5B polymerase an enzyme responsible for Hepatitis C.
Also, negative coefficients of ATSm2 (ATs autocorrelation
descriptors weighted by scale atomic mass) and ATSm3 (ATs
autocorrelation descriptors weighted by scale atomic mass) will
decrease the inhibitory activities of indole derivatives against
NS5B polymerase enzyme.

The Y-randomization test shows that the model is not obtained by
chance and it is robust because it has significantly low R2 and Q2
values for several trials (Table 9).
Table 9: Y-Randomization test of model 1.

Comparison of observed and predicted PIC50 of model 1
The comparison of the predicted PIC50 of the model 1 with its
experimental values is presented in Table 1. The low residual
values confirmed the high predictive power of the model. The
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Conclusion
In this research, QSAR model was generated with descriptors
(ASTm1, ASTm3, BCUTw-1I MLFER_L and PetitjeanNumber)
which were correlated with biological activities of indole
derivatives and have the optimum model exhibited statistically
significant results of squared correlation coefficient (R2) of 0.969,
adjusted squared correlation coefficient (R2 adj) value 0.917, and
cross-validation coefficient (Q2) LOO 0.612. The best model that
is model (1) was subjected to external validation and was found to
be R2 pred. = 0.815 which shows the stability, reliability and
robustness of the model. The low residual values of the test set
compounds confirmed the high predictive power of the model.
The VIF values of the descriptors shows that three of the
variables have their values less than 10, indicating that the
obtained model has statistical significance and the descriptors
were found to be reasonably orthogonal. The Y-randomization
test shows that the model is not obtained by chance. The result of
QSAR model study provides a good approach for pharmaceutical
and medicinal researchers to design new anti-hepatitis C agent
against NS5B polymerase receptor.
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