
Chem Rev Lett 4 (2021) 108-119 

108 

 

 

Research Article  

Chemical Review and Letters 
journal  ho mepage:  www.chemrevlet t . co m 

ISSN (online): 2645-4947  (print) 2676-7279 
 

Computational techniques in designing a series of 1,3,4-trisubstituted pyrazoles as 

unique hepatitis C virus entry inhibitors 

 
Stephen Ejeh*, Adamu Uzairu, Gideon A. Shallangwa, Stephen E. Abechi 

 
Department of Chemistry, Ahmadu Bello University P.M.B. 1044, Zaria-Nigeria 

 

1. Introduction 

Hepatitis C virus (HCV) is a universal health 

predicament that causes several life-threatening chronic 

diseases in the liver and the hepatitis C virus (HCV) is 

responsible for the diseases [1].  In many countries, HCV 

is indeed one of the primary sources of liver failure and 

liver transplant surgery which is a growing public health 

problem [2, 3]. The World Health Organization (WHO) 

estimated seventy-one million people were infected with 

HCV infection in 2015, representing one percent of the 

world’s populace. The infection is widely dispersed in 

diverse parts of the world, with an incidence of 0.5 to 6.5 

percent in the wide-ranging populace [4, 5]. 

Though some hepatitis viruses have vaccines, 

there are none available for HCV [2]. In the last few 

years, conventional interferon (IFN)-free treatment 

regimens in blend with ribavirin have been widely 

recognized as a model of excellence in antiviral therapy 

[6]. However, this might trigger patients to suffer thyroid 

deficiency, neurological problems, digestive problems, as 

well as other negative reactions. Lately, the therapy is 

primarily dependent on direct-acting antiviral agents in 

which HCV NS protease is seen as the main target of 

antiviral inhibitor's development [2]. According to Liu et 

al., ‘‘in 2011, telaprevir and boceprevir were successively 

approved as the first direct-acting antiviral agents 

(DAAs) used as the HCV NS3/4A protease inhibitors, 

which initiated a revolution in the field of HCV 

treatment’ [6, 7]. DAAs have culminated in a 

significantly improved tolerability and effectiveness 

compared with the traditional regimen of severe HCV 

infection [8]. The development of resistance-mechanism, 

like antibiotics, also encourages the viable discovery of 

new compounds or the modification of existing ones [2]. 

The strategy to a correlation existed between 

structure and activity is indeed very helpful for the 

estimation of biological activities, particularly in drug 

development. This strategy is built on the hypothesis that 

differences in the properties of the molecules (biological 

activities) may be strongly linked with variations in their 

physicochemical features (molecular descriptors) [9 -11]. 

Virtual screening (VS) utilizes computer-driven tools and 

techniques to explore hidden organic molecules that are 

similar in structure. VS has surfaced in drug development 

as a computationally intensive strategy to evaluate 

different databases of chemical compounds for unique 

hits with improved characteristics, which could then be 

tested empirically. Just like other computational 

techniques, VS would not aim to substitute in vitro and 
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In this study, we developed a QSAR model for studying the antiviral activity of 

1,3,4-trisubstituted pyrazoles derivatives on hepatitis C virus infected in human 

HuH-7 cell lines. We employed random analysis to split the data sets. Statistically 

robust model was generated with R2, Q2 and R2
pred values of 0.777, 0.731 and 0.774 

respectively. The reliability of this model was confirmed by acceptable validation 

parameters, and this model also fulfilled the Golbraikh and Tropsha standard model 

conditions. Through the evaluation of selected molecular descriptors we observed 

that, topological charge index of order 4 (GGI4), mean topological charge index of 

order 1 (JGI1), octanol water partition coefficient (XlogP), 3D topological distance 

based autocorrelation lag5/weighted by polarizabilities (TDB5p) and total 

molecular surface area (FPSA-2) are the molecular properties determining 

biological activities of the study compounds, which shed light on the vital features 

that aid in the design of unique potent hepatitis C virus entry inhibitors using 

computer-aided drug design tools. 
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also in vivo assays, but instead to facilitate the 

development process, lessen the number of candidates to 

be tested empirically, and justify their selection. Such 

techniques are typically used to get hits (or leads) that 

seem to be more likely to offer good clinical candidates 

[9, 12, 13]. 

The earlier process of the drug development 

process is preceded by guesswork, and it is costly in terms 

of capital, time, and resources. However, with the 

introduction of computer-aided drug design strategies, 

the drug development and design process can be 

effectively carried out saving huge capital resources [14]. 

Over the random screening of existing chemical libraries, 

the ligand-based strategy has proven successful [15]. It 

provides a theoretical tool that can be used to suggest the 

actions of recognized and proposed drug molecules. 

Ligand-based and 3D-QSAR approaches for the 

development of novel and potent NS5B inhibitors were 

also explored by Therese et al., [16]. In the present 

research, computational methods were applied to 

generate a robust QSAR model and to use the data 

provided by the model to proposal new pyrazoles 

derivatives with high potency as hepatitis C virus entry 

inhibitors and to investigate the binding energy of 

designed molecules in comparison with an approved 

direct-acting antiviral agent (Boceprevir) through 

molecular docking. 

2. Materials and methods 

 

2.1. Dataset 

  The dataset used for this study was 62 

compounds of 1,3,4-trisubstituted pyrazoles derivatives 

retrieved from U.S. National Library of Medicine and 

National Center for Biotechnology Information which is 

accessible to the general public on the pubchem Web site 

(https://pubchem.ncbi.nlm.nih.gov/) as potent hepatitis C 

virus (HCV) entry inhibitor with pubchem  AID: 781190 

deposited on 3rd May 2014 and modified 28th September 

2018 by  CHEMBL (External ID: 990348) obtained as 

EC50 (µM) and was converted to pEC50 (pEC50 = -

logIC50), this is to reduce the skewness in the data [17]. 

The Pubchem CID and SID, chemical structure, 

experimental EC50, pEC50 and Predicted pEC50 of the 

datasets used in this research are reported in Table 1. 

Table 1. Pubchem CID, pEC50, predicted pEC50 and 

Chemical structure of the dataset 

Entry Pubch

em 

CID 

X Y Chemical Structure 

C 1*a 72545083 5.1 5.5 

 

C 2 73346556 6.9 6.7 

 
C 3 72546770 5.5 5.4 

 
C 4 72546771 5.5 5.6 

 
C 5 72546531 5.9 5.6 

 
C 6* 72546533 5.8 5.6 

 
C 7 72545819 5.6 5.5 

 
C 8 73348042 6.4 6.6 

 
C 9 73348043 6.1 6.4 

 
C 10 72547539 5.4 5.6 

 
C 11b 72546534 5.7 5.7 

 
C 12* 72546773 5.4 5.3 

 
C 13 72546287 6.3 6.1 

 

https://pubchem.ncbi.nlm.nih.gov/
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C 14 72545573 5.6 5.5 

 
C 15 73349579 6.2 6.4 

 
C 16 72547543 5.0 5.9 

 
C 17 72546772 5.4 5.3 

 
C 18 72547034 4.8 5.6 

 
C 19 72547037 6.2 5.8 

 
C 20 72546285 6.4 6.1 

 
C 21 72545820 5.5 5.4 

 
C 22 73351139 6.4 6.6 

 
C 23 72547297 5.6 5.7 

 
C 24 72547538 5.6 5.4 

 

C 25 72547540 5.4 5.2 

 
C 26 72547035 6.3 6.2 

 
C 27* 72547036 6.3 6.2 

 
C 28 72547038 6.2 5.8 

 
C 29 72547295 5.6 5.7 

 
C 30* 72547296 5.6 5.5 

 
C 31 72546286 6.4 6.1 

 
C 32 16187217 5.2 5.3 

 
C 33 73352610 6.5 6.7 

 
C 34 72545084 4.9 5.6 

 
C 35* 73352611 6.8 6.6 

 
C 36 73352612 6.5 6.7 
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C 37 72547039 6.0 6.2 

 
C 38 72546288 6.2 6.0 

 
C 39 72546530 5.9 5.5 

 
C 40 72545572 5.7 5.5 

 
C 41 72545822 5.1 5.2 

 
C 42 73354107 6.5 6.5 

 
C 43 73354108 6.4 6.6 

 
C 44 73354109 6.4 6.3 

 
C 45 72547541 5.1 5.3 

 
C 46 72547542 5.0 5.5 

 
C 47 73354110 6.9 6.7 

 
C 48* 72546769 5.7 5.4 

 

C 49 73355627 6.5 6.6 

 
C 50* 73355628 6.4 6.5 

 
C 51* 73355629 6.3 6.6 

 
C 52 73355631 7.0 6.6 

 
C 53* 72546529 6.1 5.7 

 
C 54 73357174 6.5 6.6 

 
C 55 73357175 6.4 6.5 

 
C 56* 72547292 6.0 5.9 

 
C 57 72547293 6.0 5.5 

 
C 58 72547294 5.9 5.8 

 
C 59b 72545823 4.7 4.8 

 
C 60 72546284 4.7 4.8 
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C 61* 72546532 5.8 5.7 

 
C 62 72545821 5.4 5.3 

 
* Test Set, a Outliers, b Influential molecules, X pEC50,Y 

predicted pEC50  

 

2.2. Computed descriptors  

The descriptors were computed by first 

optimized the dataset molecules with density functional 

theory (DFT) using B3LYP functional and 631G** basis 

set in Spartan 14 software [18]. The optimized structures 

are then transferred to another software (PaDEL-

Descriptors), which computed the structural properties 

(molecular descriptors) for each molecule [19].  

 

2.3. Dataset division 

In the current analysis, the dataset was mainly 

split into two parts containing 80% (Training set) for 

constructing the model and 20% (Test set) which is 

unused during model construction but was used in the 

determination of the model's predictive ability [17]. 

 

2.4. Model generation 

The correlation analysis was achieved by 

Material Studio software and Genetic Function 

Approximation (GFA) was applied in the process to 

define the ideal QSAR models. In regression analysis, X 

(descriptors) relies on the conditional value of predictor 

variables Y (pIC50) [11]. GFA is the technique used to 

generate statistical data models using the evolution 

process. Substituting regression study further with GFA 

algorithm enables model-building to be comparable with, 

or better to conventional approaches, and provides 

additional information accessible that is not given by 

other methods. As with most methods for extrapolation, 

GFA offers various models for the user [20].  

 

2.5. Assessment of the generated model  

The established model was assessed by the 

following numerical measures: cross-validated 

correlation coefficient (𝑄𝐶𝑉
2 ), external explained 

variance ( 𝑅𝑝𝑟𝑒𝑑
2 ), random R2 (𝑐𝑅𝑝

2), variance inflation 

factor (VIF), and mean effect (MF), which are defined 

as follows: 

𝑄𝐶𝑉
2 = 1 −

𝑃𝑅𝐸𝑆𝑆

∑ (𝑦𝑜𝑏𝑠 − 𝑦̅)2𝑛
𝑖=1

  

From the above equation, PRESS is the predicted error 

sum of square computed by  

 

𝑃𝑅𝐸𝑆𝑆 = ∑(𝑦𝑜𝑏𝑠 − 𝑦𝑝𝑟𝑒𝑑)
2
 

 

 𝑦𝑜𝑏𝑠, 𝑦𝑝𝑟𝑒𝑑  and 𝑦̅ represents the observed, predicted, and 

mean values of observed activity respectively.   

The external explained variance (𝑅𝑝𝑟𝑒𝑑
2 ) was computed 

using the equation: 

𝑅𝑝𝑟𝑒𝑑
2 = 1 −

∑(𝑦𝑜𝑏𝑠(𝑇𝑒𝑠𝑡) − 𝑦𝑝𝑟𝑒𝑑(𝑇𝑒𝑠𝑡))
2

∑(𝑦𝑜𝑏𝑠(𝑇𝑒𝑠𝑡) − 𝑦̅𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔)
2   

 𝑦𝑜𝑏𝑠(𝑇𝑒𝑠𝑡) and 𝑦𝑝𝑟𝑒𝑑(𝑇𝑒𝑠𝑡) represent observed and 

predicted activity data for the test set molecules, and 

𝑦̅𝑇𝑟𝑎𝑖𝑛𝑖𝑛𝑔 represents the mean observed activity of the 

training set. 

The random R2 values (𝑐𝑅𝑝
2) of the model was estimated 

from the equation: 

𝑐𝑅𝑝
2 = 𝑅 × √𝑅2 − 𝑅̅𝑟

2 

were R, 𝑅2 and 𝑅̅𝑟
2 represents correlation coefficient, 

coefficient of determination and mean of randomized 

coefficient of determination respectively. 

The variance inflation factor (VIF) of each descriptor in 

the model was estimated by the equation: 

𝑉𝐼𝐹 =
1

1 − 𝑅2
   

 

 where 𝑅2 is the multiple correlation coefficient of one 

descriptor's effect regressed over the remaining 

molecular descriptors in the model [21]. 

Every descriptor's mean effect (MF) value had 

been used to determine the descriptor's comparative 

impact on the model. The MF was determined by the 

Formula: 

𝑀𝐹 =
𝛽𝑗 ∑ 𝑑𝑖𝑗

𝑖=𝑛
𝑖=1

∑ 𝛽𝑗
𝑚
𝑗 ∑ 𝑑𝑖𝑗

𝑛
𝑖

  

 

where βj, dij, m, and n represents the descriptor 

coefficient j in that model, the descriptor's value in the 

sample space for each compound in the training dataset, 

the number of descriptors in the model and the number 

of compounds in the training dataset respectively [9]. 

 

2.6. Model Applicability Domain (AD) 

Williams's plot was used to measure the 

established QSAR model's AD. hi of a chemical in the 

actual reference space and the threshold value (h*) are 

evaluated using the equations below: 

 

ℎ𝑖 = 𝑋𝑖(𝑋𝑇𝑋𝑖)−1𝑋𝑖
𝑇     (𝑖 = 1, 2, … , 𝑛) 

 

ℎ∗ =
3(𝑃 + 1)

𝑛
   

For which Xi is the row-vector descriptor of the request 

ith sample, it is the distinctive vector of the training set, n 

is the number of request samples and p is the number of 

selected variables (descriptors) in the model [9, 22, 23]. 
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The standardized residual (SDR) of the model AD is 

estimated by the equation: 

𝑆𝐷𝑅 =
𝑌̅ − 𝑌

√∑
(𝑌̅ − 𝑌)2

𝑛
𝑛
𝑖=1

     

 

In which Y is the observed activity value for whichever 

the set (training or validation sets), 𝑌̅ is the model's 

predicted activity value, and the total of compound 

present in the dataset is represented by n. The 

conventional dimension prediction for a given molecule 

is usually demarcated by 0 < hi < ℎ∗and -3 < SDR < 3 

boundaries. Consequently, whichever molecule by means 

of SDR less than -3 or greater than +3 are labeled an 

outlier in the variable response area, as well as any 

molecule with leverage value larger than ℎ∗, is labeled an 

influential molecule foreign to the most molecules used 

during model construction. 

 

2.7. Docking studies 

2.7.1. Ligand structure preparation 

ChemBio Ultra 12.0 was used to draw 2D Ligand 

structures [24, 25]. The density functional theory (DFT) 

technique in Spartan 14 was used to minimize the energy 

of each ligand in the dataset and input into PyRx in PDB 

file format [26]. 

 2.7.2. Protein Structure Preparation 

The crystal structure of HCV NS5B polymerase 

was taken from the Research Collaboratory for Structural 

Bioinformatics Protein Data Bank (RCSB PDB) with the 

HCV NS5B polymerase structural PDB ID being 2XWY. 

The co-crystallized ligand MK-3281, a Potent Non-

Nucleoside Finger-Loop inhibitor in complex with the 

crystal structure of HCV NS5B Polymerase was 

discarded, hydrogen atoms were introduced, lower 

occupancy residue structures were discarded, partials side 

chains were substituted with the use of discovery studio 

[27]. The structures were then saved in PDB format for 

input into AutoDock version 1.5.6. in PyRx software 

[26]. 

 

2.7.3. Docking Procedure and evaluation 

A rectangular grid measuring 65.5217 × 72.7141 

× 80.3011 Å, centered on 5.2017, 15.6939, 30.8304 was 

built across the binding site of ligand on HCV NS5B 

polymerase using autodock tools. The grid center was set 

at ligand, and grid energy measurements were performed. 

The Autodock docking computation used default 

settings, and 10 docked alignments were produced for 

each molecule. The bonded ligand was deleted from the 

complexes test the validity and reliability of the docking 

computations and forwarded for one-ligand run 

computation. This replicated core-scoring conformations 

of 4 falling from bonded X-ray verification for HCV 

NS5B polymerase root-mean-square deviation (rmsd) 

standards of 0.71 to 0.74 Å, proposing that this process is 

sufficiently valid to be enough for docking studies of 

other molecules. The results were exported for thorough 

observation of the binding relationships and correlations 

between the molecules and amino acid residues at the 

active spots using discovery-studio software [28]. 

 

2. Results and Discussion 

In the present study, we developed QSAR model 

for the antiviral activity of 1,3,4-trisubstituted pyrazoles 

derivatives on hepatitis C virus infected in human HuH-

7 cell lines using 62 datasets and the QSAR model is 

presented as: 

𝒑𝑬𝑪𝟓𝟎  =  7.55735 + 0.29138 ∗  𝐆𝐆𝐈𝟒 + 10.90034
∗  𝑱𝑮𝑰𝟏 − 0.17042 ∗  𝑿𝑳𝒐𝒈𝑷 
− 0.64795 ∗  𝑻𝑫𝑩𝟓𝒑 − 2.9115
∗  𝑭𝑷𝑺𝑨 − 𝟐 

𝑁𝑡𝑟𝑎𝑖𝑛 = 50, 𝑅𝑡𝑟𝑎𝑖𝑛
2 = 0.777, K = 5, 𝑄𝐿𝑂𝑂(𝑡𝑟𝑎𝑖𝑛)

2 =

0.731, 𝑁𝑡𝑒𝑠𝑡 = 12, 𝑅𝑡𝑒𝑠𝑡
2 = 0.774, Outliers > ±3.0 = 1, 

Influential molecules > h* = 2 

Where 𝑁𝑡𝑟𝑎𝑖𝑛 and 𝑁𝑡𝑒𝑠𝑡 are sums of data present in the 

training and test set respectively, 𝑅𝑡𝑟𝑎𝑖𝑛
2  and 𝑅𝑡𝑒𝑠𝑡

2  are the 

coefficients of correlation for internal and external 

validation respectively, 𝑄𝐿𝑂𝑂
2  is the squared cross-

validation coefficients for leave one out, and K is the 

predictor parameters (descriptors) present in the model. 

The developed model explains seventy-eight percent 

(78%) and predicts seventy-seven percent (77%) of the 

variances of the 1,3,4-trisubstituted pyrazoles derivatives 

activity on hepatitis C virus infected in human HuH-7 cell 

lines. The descriptions of the descriptors used in the 

model, the computed mean effect (MF) and the computed 

Variance Inflation Factor (VIF) of each descriptor present 

in the model were stated in Table 2.  

 

Table 2: A description of the descriptor used in the model, 

the MF and VIF 
E Description Descriptor C MF VIF 

1 Topological 

charge index of 

order 4 

GGI4 2D 2.9 1.8 

2 Mean 

topological 

charge index of 

order 1 

JGI1 2D 1.2 1.8 

3 XLogP XLogP 2D 0.3 1.4 

4 3D topological 

distance based 

autocorrelation 

- lag 5 / 

weighted by 

polarizabilities 

TDB5p 3D 2.3 1.7 

5 PPSA-2 / total 

molecular 

surface area 

FPSA-2 3D 2.6 1.9 
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E Entry, C Class of descriptor, MF Mean Effect, VIF Variance 

Inflation Factor  

 

The mean effect (MF) value offers significant 

details on the impact of the model’s molecular 

descriptors, the size of these descriptors MF show their 

intensity in manipulating the activities of the study 

compounds and was graphically represented using 

histogram as shown in Figure 1 and the contribution of 

the descriptors to the activity of the study compounds was 

observed to be in increasing order of XLogP < JGI1< 

TDB5p <  FPSA-2 < GGI4 (see Figure 1). From Table 

2, it was detected that all the descriptors have VIF values 

of less than 5, which means that the model obtained has 

statistical significance and that the descriptors were 

considered to be fairly orthogonal [22]. 

 

Figure 1: Plot of molecular descriptors against Mean Effect 

(descriptor’s contribution) 

 Table 3 represent the minimum recommended values 

of validated parameters for generally acceptable QSAR 

model reported by Golbraikh and Tropsha [29] and the 

validated parameters of the model reported in this 

research. 

 

Table 3: Minimum recommended values of validated 

parameters for generally acceptable QSAR model and the 

validated parameters of the model reported in this research. 

Symbol Name Threshold 

value  

Model 

value 

Comments Sourc

e 

𝑅2 Coefficient of 

determination 
≥ 0.6 0.777 Passed a 

𝑄2 Cross-

validation 

coefficient 

>0.5 0.731 Passed a 

𝑅𝑒𝑥𝑡
2  Coefficient of 

determination 

for external 

test set 

≥ 0.6 0.774 Passed a 

𝑐𝑅𝑝
2 y-

randomization 

test value 

>0.5 0.721 Passed b 

𝑁𝑡𝑒𝑠𝑡 𝑠𝑒𝑡 Minimum 

number of 
≥ 5 12 Passed a 

external test 

set 

𝑃(95%) Confidence 

interval at 

95% 

confidence 

level 

< 0.05 0.0005 Passed a 

a [29], b [14] 

 

The model statistics described in Table 3 meet the criteria 

for validating a QSAR model developed by OECD [11, 

15]. The findings show that the R2 and Q2 for the model's 

internal evaluation have been stated as 0.777 and 0.731 

respectively. It indications that the model correctly 

interpreted the data when regressed and that the model 

can estimate the fitted training set, as the model predicted 

approximately 78% of the data and thus met the minimum 

condition of 60% [11]. The y-randomization test 

computed shows that the value for the model's random R2 

(𝑐𝑅𝑝
2 = 0.721, see Table 3) is substantially higher than the 

recommended value of 0.50, meaning the model is not the 

product of simple chance alone [14]. 

Qin, Wang, and Yan reported a QSAR study of 

the bioactivity of hepatitis C virus (HCV) NS3/4A 

protease inhibitors by multiple linear regression (MLR) 

and support vector machine (SVM) in the literature and 

results show R2 values for internally and externally 

evaluation were respectively 0.75 and 0.72, [30] which 

seem to be close in values compared to R2 values for 

internally and externally evaluation of 0.777 and 0.774 

respectively as reported in this paper. 

The square area 0 < hi < h∗ and -3 < SDR < 3 

represented the model AD using Williams's plot (see 

Figure 2). Where h∗ (0.36) boundary is the model 

cautioning leverage and SDR is the standardized residual 

of the models. The outcome shows that 96.8% of the 

molecules considered were inside the AD of the model 

while 1.6% formed the Outliers which is compound 1 in 

Table 1 as identified and indicated in Figure 2 with SDR 

of 3.4 and 1.6% of the studied molecules formed the 

influential molecule which is compound 11 in Table 1 as 

identified and indicated in Figure 2 with leverage value 

of 0.43 greater than cautioning leverage (i.e 0.43> 

h∗=0.69). In summary, the suggested model had high 

potential and efficiency. Thus, it can be used as an 

instrument for optimizing the activity of any of the 

compounds considered.  

  Figure 3 presented a plot of the model predicted 

against experimental anti-hepatitis C activity values for 

both the training and test sets and it shows that there are 

a strong correlation between the models observed and 

estimated activity values for both training and test sets 

data. Such results showed that the models had the high 

predictive potential both internally and externally and 

were free of systemic bias [31]. Consequently, they could 

be used to predict known molecules lacking activity, as 

0
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long as the molecule is inside the AD of the model. The 

structure of the template molecule which is compound 47 

in Table 1 is presented in Figure 4. 

 

Figure 2: The model Applicable Domain plot (Williams plot) 

 

 
Figure 3: Plot of the model predicted against experimental 

anti-hepatitis C virus activities values for both Training and 

Test sets. 
 

 
Figure 4: The structure of the hit molecule, see Table 1, M 47 

(3-(4-methylpiperazin-1-yl)-N-[[1-(4-nitrophenyl)-3-[4-

(trifluoromethyl)phenyl]pyrazol-4-yl]methyl]propan-1-amine) 

 

3.1. Interpretation of descriptors used in the developed 

QSAR model 

GGI4 is a Topological Charge Descriptor and is 

the first selected descriptor in the established model 

which defined the topological charge index of order 4. 

GGI4 measured the charge transfer among atoms. The 

positive sign of this descriptor in derived linear equation 

indicates that increasing the charge transfer among the 

pair of atoms would result in increase of the pEC50 values 

and the more active the molecule, also decreasing the 

charge transfer among the pair of atoms would result in 

decrease of the pEC50 values respectively [32]. 

The second selected descriptor in the established 

model is the mean topological charge index of order 1 

(JGI1) [32], and it shows a positive sign in derived linear 

equation which indicates positive impact on the human 

HuH-7 cell line inhibition. The JGI1 can be increased by 

adding high-electronegativity molecules to the ring of the 

lead molecule (3-(4-methylpiperazin-1-yl)-N-[[1-(4-

nitrophenyl)-3-[4-(trifluoromethyl)phenyl]pyrazol-4-

yl]methyl]propan-1-amine)  example molecule 2, 5 and 6 

in Table 4. 

The third selected descriptor in the established 

model is the Wang octanol water partition coefficient 

(XlogP). It describes lipophilicity of compounds, which 

expressed the ability to penetrate lipid-rich zones from 

aqueous solutions [33]. The negative sign in derived 

linear equation for this descriptor indicates that an 

increase in the activity is observed with a decrease in its 

lipophilicity. 

TDB5p is the fourth selected descriptor in the 

established model and is an autocorrelation 3D descriptor 

which is defined as 3D topological distance based 

autocorrelation lag 5/weighted by polarizabilities.TDB5p 

measures the strength of the connection between atomic 

charges 5 bonds apart [32]. The negative sign in the 

derived linear equation for this descriptor indicates that 

an increase in the activity is observed with a decrease in 

the strength of the connection between atomic charges 5 

bonds apart. 

The fifth and final selected descriptor in the 

established model is the total molecular surface area 

(FPSA-2). FPSA-2 is extensively considered in the 

improvement of cellular permeation of a drug and it 

exemplifies the area due to nitrogen and oxygen and any 

attached hydrogen [34-36]. The negative sign in the 

derived linear equation for this descriptor indicates that 

an increase in the activity is observed with a decrease in 

the total molecular surface area of the observed 

molecules. This shows that nitrogen and oxygen atoms 

have a notable negative impact on observed anti-HCV 

activity. 

 

3.2. New compound design and activity prediction 

Based on the built QSAR model and related 

results analysis and descriptors Interpretation, the 

compound 47 in Table 1 shown in Figure 4  (3-(4-

methylpiperazin-1-yl)-N-[[1-(4-nitrophenyl)-3-[4-

(trifluoromethyl)phenyl]pyrazol-4-yl]methyl]propan-1-

amine) was used as a template for designing new 

molecules by molecular structure modification. Molecule 

47 was used as a template for designing unique molecules 

because it was carefully chosen from the Williams plot 
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by identifying the molecule that is more active (having 

higher pEC50), low standardized residual, and low 

leverage i.e. was found within the applicability domain of 

the built model. The previously established QSAR model 

was used to predict the activity of the template molecule, 

newly designed molecules, and approved direct-acting 

antiviral agents (Sofosbuvir and Boceprevir). The result 

shows that some of the designed molecules and 

Boceprevir (approved direct-acting antiviral agents) have 

improved activity values compared to template molecule 

except molecule 3, 4, 7, 8, 9, 10, 11, 12, 13, and 15 (see 

Table 4). Also, molecule 2 in Table 4 is the most active 

compound (pEC50 = 7.83) because the better the value of 

the pEC50, the more active the compound. The structure 

of the template, newly designed molecules, and approved 

direct-acting antiviral agents (Sofosbuvir and 

Boceprevir) together with their predicted activity and 

Leverages are presented in Table 4. The majority of the 

molecules shows good leverage (lower leverage than the 

threshold (h* = 0.36). These implied that the majority of 

the designed molecules, as well as approved direct-acting 

antiviral agents (Boceprevir), are within the applicability 

domain of the model.   
 

Table 4: Template molecule, Designed molecules and 

approved direct-acting antiviral agents (Sofosbuvir and 

Boceprevir) with their predicted pEC50 and leverages  

Mole

cule 

Structure Predic

ted 

pEC50 

Lever

ages 

1x 

 

6.66 0.08 

2yy 

 

7.83 0.15 

3 

 

6.21 0.14 

4 

 

5.92 0.36 

5y 

 

6.97 0.39 

6y 

 

6.83 1.36 

7 

 

6.40 0.13 

8 

 

6.39 0.12 

9 

 

5.85 0.20 

10 

 

6.02 0.68 

11 

 

5.94 0.15 

12 

 

5.99 0.37 

13 

 

5.66 0.76 

14y 

 

6.85 0.86 

15 

 

5.41 3.15 

16 

 

6.49 0.16 
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17zz 

 

6.74 0.31 

18z 

 

4.63 2.91 

x Template molecule, y designed  molecules with improved 

activity, yy designed molecule with better activity compared to 

approved direct-acting antiviral agents and are within the 

model AD, z Sofosbuvir (approved direct-acting antiviral 

agents), zz approved direct-acting antiviral agents that is 

within the model AD (Boceprevir)  

 

3.3. Molecular docking results and analysis 

 Among all the molecules in Table 4 including 

Sofosbuvir and Boceprevir (approved direct-acting 

antiviral agents) it was observed that molecule 2 has the 

highest predicted pEC50 value (7.83) and hence was 

subjected to a molecular docking study. Also, Boceprevir 

(approved direct-acting antiviral agent that is within the 

AD of the model) with predicted pEC50 of 6.74 is 

subjected to a similar molecular docking study for 

comparison. The results of the molecular docking study 

such as Binding Energy (kCal/mol), Interactions with 

amino acid, Types of Interaction, Bond length (Å) of the 

designed molecule (molecule 2 in Table 4) and the 

approved direct-acting antiviral agent (Boceprevir, 

molecule 17 in Table 4) was reported in Table 5, while 

figure 5 and 6 show the 3D and 2D interaction of the 

designed molecule (molecule 2 in Table 4),  and the 

approved direct-acting antiviral agents (molecule 17 in 

Table 4) with the binding pocket of the 3D crystal 

structure of Hepatitis C Virus NS5B polymerase (PDB 

ID: 2XWY) respectively. As shown in Figure 5, we 

observed that the designed molecule is well-

superimposed in the active pocket of the receptor this is 

because it has the highest activity and the lowest binding 

energy (7.83 and -7.5) compared to molecule 17 (6.74 

and -6.5). 

Figure 5 shows that ASN291, VAL284, 

LYS172, LEU285, SER96, GLY449, GLY283, 

ARG168, GLU171, THR287, ARG168 and PRO93 are 

the residues of the target receptor involved in 
the interaction with a designed molecule (molecule 

2 in Table 4), while Figure 6 shows that ASP220, 

ASP318, ASN291, PRO558 and ARG158 are the 

residues of the target receptor involved in the 
interaction with the approved direct-acting antiviral 

agents (molecule 17 in Table 4). It was observed from the 

docking results presented in Table 5 that the target 

residue ASN, PRO and ARG are involved in the 

interaction with all the docked molecules. 
This implies the importance of this residue in 
the inhibition of HCV NS5B polymerase. It was 

also observed that molecule 2 interacted 
better with the target receptor when 
compared to the approved direct-acting antiviral 

agent.  

 
Table 5: Docking results of designed molecule with the 

highest activity and Boceprevir (approved direct-acting 

antiviral agent) 

Molecul

es from 

Table 4 

Binding 

Energy 

kCal/m

ol 

Residues 

interacti

ng with 

Ligand 

Types of 

Interactio

n 

Bon

d 

lengt

h (Å) 

2 -7.5 ASN291, 

VAL284, 

LYS172, 

LEU285 

Conventio

nal 

Hydrogen 

Bond 

3.08, 

3.05, 

3.35, 

3.59 

  SER96, 

GLY449 

Carbon 

Hydrogen 

Bond 

3.65, 

3.54 

  GLY283, 

ARG168, 

GLU171 

Halogen 

(Fluorine) 

3.62, 

3.28, 

3.17 

  THR287 Pi-Sigma 3.58 

  ARG168, 

PRO93 

Alkyl 4.34, 

5.45 

17 -6.5 ASP220, 

ASP318, 

ASN291 

Conventio

nal 

Hydrogen 

Bond 

2.41, 

2.48, 

2.42 

  PRO558 Unfavorabl

e Donor-

Donor 

2.01 

  ARG158 Alkyl 5.32 

 

The 3D and 2D interactions of the designed 

molecule (molecule 2 in Table 4), and the approved 

direct-acting antiviral agent (Boceprevir which is 

molecule 17 in Table 4) with the binding pocket of 3D 

crystal structure of Hepatitis C Virus NS5B polymerase 

(PDB ID: 2XWY) are presented in Figures 5 and 6 

respectively. 
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4. Conclusion 

The statistically validated QSAR model obtained 

provided rationales to explain the anti-hepatitis-C virus 

activities of 1,3,4-trisubstituted pyrazoles derivatives. 

The model is statistically robust with both internal and 

external validation R2 values of 0.777 and 0.774 

respectively and met the conditions for acceptable QSAR 

model proposed by different groups. Through the 

evaluation of selected molecular descriptors we observed 

that, topological charge index of order 4 

(GGI4), mean topological charge index of order 1 

(JGI1), octanol water partition coefficient 

(XlogP), 3D topological distance based autocorrelation 

lag5/weighted by polarizabilities (TDB5p) and total 

molecular surface area (FPSA-2) are the molecular 

properties determining biological activities of the study 

compounds, which shed light on the vital features that aid 

in the design of unique potent hepatitis C virus entry 

inhibitors using computer-aided drug design tools. Few 

new compounds having better anti-hepatitis-C virus 

activity than the highest active compound in the data set 

(compound 47 in Table 1), have been suggested for 

further exploration. The binding affinity (-7.5) of this 

newly identified molecule docked into the binding pocket 

of the crystal structure of Hepatitis C Virus NS5B 

polymerase (PDB ID: 2XWY) were found to be better 

than that of Boceprevir (approved direct-acting antiviral 

agent) which is -6.5. Hence, a novel molecule was 

identified showing high potency as hepatitis C virus entry 

inhibitors.  
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