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ABSTRACT 

QSAR analysis on a set of HEPT derivatives for antiviral activity was 

performed by using multiple regression procedure. The activity 

contribution of these compounds were determined from regression 

equation and the validation procedure to analyze the predictive ability 

of QSAR model were described. High agreement between 

experimental and predicted inhibitory values was obtained. The results  

of this study indicate that the parameter has a significant effect on antiviral activity of this 

class of compounds, thus simplifying design of new biologically active molecules. 
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INTRODUCTION 

Reverse Transcriptase (RT) is one of the key enzymes, which plays an essential role in the 

replication cycle of the human immunodeficiency virus type 1 (HIV-1). The HIV-1 RT is 

responsible for the conversion of the single-stranded RNA retroviral genome into the double-

stranded proviral DNA, which is then integrated into the host cell chromosome. [1,2] The HIV-

1 RT enzyme shows both RNA- and DNA-dependent polymerase activities. Among several 

targets identified for the therapeutic intervention of the HIV-1 life cycle, the lack of RT 

activity in the eukaryotic cells has made RT as one of the most attractive targets for the 

development of anti-HIV-1 agents. [3,4]  
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The NNRTI inhibit the enzyme by an allosteric interaction with the adjacent site to the NRTI 

binding site. [19–27] It has been shown that the NNRTIs can suppress the virus replication in 

cell cultures for at least 3 months, while under the same condition; NRTIs cannot control the 

virus replication even after a few days in the continued presence of the compound. [28–30] 

Thus, NNRTIs have been considered as the prime inhibitors of HIV-1 RT. The NNRTIs are 

highly specific because of their hydrophobic binding site located at _10 _ away from the 

polymerase binding site. However, the high specific binding with the allosteric site is limited 

by the mutations at the NNRTI binding site, and it causes loss of antiviral activity of all 

NNRTI drugs. [31,32] Until now, there are more than 15 structurally diverse set of NNRTIs 

have been identified for the inhibition of mutational resistance developed by HIV-1 RT. 

 
The present scenario calls for further investigation into the identification of structurally more 

diverse set of HIV-1 RT inhibitors to circumvent the mutational resistance. The HEPT was 

the first NNRTI synthesized in 1989. In the development of new inhibitors, the HEPT has 

been considered as the lead compound. [3,33] Several Quantitative Structure Activity 

Relationship (QSAR) studies have been carried out on the NNRTI derivatives. [34–42] Chiu 

and coworkers have reported neural network-based QSAR studies of various HEPT 

derivatives using Hansch substituent constants as possible descriptors. [43] A detailed report 

on the anti-HIV activity of HEPT, TIBO, TSAO, nevirapine, pyridinone, and a-PAP 

derivatives [35] has been reviewed by Hansch and coworkers.  
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Fig 1: General structure of HEPT Derivatives non-peptide HIV-1 Reverse 

Transcriptase. 

 
MATERIALS AND METHODS 

Data sets and molecular preparation 

The training and test sets consist of 36 and eight molecules, respectively, which are shown to 

be a potent inhibitor against HIV-1 activity. [45,46] The molecules of the test set were chosen 

randomly to represent wide activity range and the structural diversity. The experimental 
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activity data shown in Table 1 refers to the ability of the compound to protect MT-4 cells 

against the cytopathic effect of the virus. The parameter EC50 stands for the minimum 

concentration of the compounds required to achieve 50% protection of the cells. For QSAR 

analysis, EC50 values were transformed into log (1 ⁄ EC50) values and then used as response 

variables. This data set is extensively used in the previous QSAR study. [37] 

 
It provides a further opportunity for QSAR study to quantify the relationship between three-

dimensional molecular structure and biological activity. The molecular structures of the 

training and test set compounds were constructed using the chemsketch12 and e-dragon 

software developed by (Milano Chemometrics and QSAR Research Group, Milano, Italy) 

software. 

 
Table 1: General Structure of the compounds with their substitutions 

C No. R1 R2 R3 R4 pIC50 
1 0 Me CH2OCH2CH2OH 3-CF3 4.35 
2 0 Me CH2OCH2CH2OH 3-NO2 4.47 
3 0 Me CH2OCH2CH2OH 2-OMe 4.72 
4 0 Me CH2OCH2CH2OH 3-Cl 4.89 
5 0 Me CH2OCH2CH2OH 3-CN 5 
6 S Pr CH2OCH2CH2OH H 5 
7 0 Me CH2OCH2CH2OH 3-COOMe 5.1 
8 0 Me CH2OCH2CH2OH 3-COMe 5.14 
9 0 Me CH2OCH2CH2OH H 5.15 
10 0 Me CH2OCH2CH2OH 3-Br 5.24 
11 0 I CH2OCH2CH2OH H 5.44 
12 0 Pr CH2OCH2CH2OH H 5.47 
13 0 Me CH2OCH2CH2OH 3-F 5.48 
14 0 Me CH2OCH2CH2OH 3-Et 5.57 
15 0 Me CH2OCH2CH2OH 3-Me 5.59 
16 0 Me CH2OMe H 5.68 
17 0 Me CH2OCH2CH2Cl H 5.82 
18 0 Me CH2OCH2CH2OH 3,5-Cl 5.89 
19 0 Me CH2OCH2CH2F H 5.96 
20 0 Me CH2OCH2Me H 6.48 
21 0 Me CH2OCH2CH2OH 3,5-Me 6.59 
22 S Me CH2OCH2CH2OH 3,5-Me 6.66 
23 0 Et CH2OCH2CH2OH H 6.92 
24 0 Et CH2OCH2CH2OH H 6.96 
25 0 i-Pr CH2OCH2CH2OH H 7.2 
26 S i-Pr CH2OCH2CH2OH H 7.23 
27 S Et CH2OCH2CH2OH 3,5-Cl 7.37 
28 0 Et CH2OCH2Me H 7.72 
29 S i-Pr CH2OCH2Me H 7.85 
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30 0 Et CH2OCH2CH2OH 3,5-Me 7.89 
31 S Et CH2OCH2Me 3,5-Cl 7.89 
32 0 i-Pr CH2OCH2Me H 7.92 
33 0 Et CH2OCH2Me 3,5-Cl 8.13 
34 0 Et CH2OCH2Me 3,5-Me 8.27 
35 S i-Pr CH2OCH2CH2OH 3,5-Me 8.3 
36 0 i-Pr CH2OCH2CH2OH 3,5-Me 8.57 
37 0 Me CH2OCH2CH2OH 4-Me 3.66 
38 0 Me CH2OCH2CH2OH 3-OH 4.09 
39 0 Me CH2OCH2CH2OH 3-I 5 
40 S Me CH2OCH2CH2OH H 6.01 
41 S Et CH2OCH2Me H 7.59 
42 0 Et CH2OCH2CH2OH 3,5-Cl 7.85 
43 S Et CH2OCH2CH2OH 3,5-Me 8.11 
44 S Et CH2OCH2Me 3,5-Me 8.36 

 
Descriptor Generation 

All structures were generated with the chemsketch12 ACD labs program and optimized by 

the AM1 semi-empirical method of the software. Since the calculated values of the electronic 

features of the molecules will be influenced by the conformation used, in the current research 

we made attempt to use the most stable conformations. To avoid the local stable 

conformations of the compounds, geometry optimization was run many times with different 

starting points for each molecule, and conformation with the lowest energy was considered 

for calculation of the electronic properties. Constitutional descriptors and topological indices 

were calculated utilizing Dragon software created by the Milano QSAR and Chemometrics 

Research Group (www.disat.unimib.it/chm/). These descriptors are calculated using two-

dimensional representation of the molecules and therefore geometry optimization is not 

essential for calculating these types of descriptors. In addition, Dragon calculates a large 

number of descriptors from the optimized three dimensional structure of the molecules. 

 
Table 2: Calculated physicochemical and topological descriptors 

pIC50 MR MV MSD MAXDN X0 
4.35 85.25 252.6 5.715 6.003 18.613 
4.47 86.29 232.7 5.585 2.813 17.69 
4.72 86.62 243.3 5.251 2.759 16.82 
4.89 85.09 232.3 5.196 2.714 16.113 

5 84.83 230.8 5.416 2.742 16.82 
5 96.52 262 5.219 2.364 16.656 

5.1 91.37 256.4 5.808 2.798 18.397 
5.14 89.63 250.3 5.585 2.783 17.69 
5.15 80.26 221.4 5.036 2.683 15.242 
5.24 87.98 234.2 5.196 2.693 16.113 
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5.44 88.56 225 5.036 2.568 15.242 
5.47 89.52 253.9 5.219 2.674 16.656 
5.48 80.37 226 5.196 2.775 16.113 
5.57 89.51 253.4 5.416 2.73 16.82 
5.59 84.88 237.2 5.196 2.728 16.113 
5.68 74.09 207.8 4.473 2.651 13.828 
5.82 83.56 235.4 5.036 2.629 15.242 
5.89 89.91 243.2 5.321 2.735 16.983 
5.96 78.84 229.1 5.036 2.703 15.242 
6.48 78.72 224 4.728 2.643 14.535 
6.59 89.51 253 5.321 2.763 16.983 
6.66 96.5 261.1 5.321 2.537 16.983 
6.92 84.89 237.7 5.091 2.675 15.949 
6.96 91.89 245.8 5.091 2.387 15.949 
7.2 89.5 254.5 5.128 2.735 16.82 
7.23 96.49 262.6 5.128 2.503 16.82 
7.37 101.54 267.6 5.368 2.44 17.69 
7.72 83.25 240.3 4.795 2.636 15.242 
7.85 94.96 265.3 4.841 2.476 16.113 
7.89 94.14 269.2 5.368 2.756 17.69 
7.89 100.01 270.2 5.088 2.413 16.983 
7.92 87.96 257.1 4.841 2.695 16.113 
8.13 93.01 262.1 5.088 2.688 16.983 
8.27 92.6 271.8 5.088 2.716 16.983 
8.3 99.06 258.7 5.085 2.402 17.43 
8.57 98.74 286 5.399 2.815 18.56 
3.66 84.88 237.2 5.294 2.721 16.113 
4.09 81.79 218.4 5.196 2.759 16.113 

5 93.18 240.8 5.196 2.683 16.113 
6.01 87.26 229.6 5.036 2.457 15.242 
7.59 90.35 248.4 4.795 2.36 15.242 
7.85 94.55 259.4 5.368 2.728 17.69 
8.11 101.13 277.3 5.368 2.467 17.69 
8.36 99.6 280 5.088 2.441 16.983 

 
Data Preprocessing 

In the case of each antiviral activity, the calculated descriptors were collected in a data matrix 

(D) with dimension of (n × m), where n and m are being the number of molecules in each data 

set and the number of calculated descriptors for each molecule, respectively. Firstly, the 

descriptors were checked for constant or near constant values and those detected were 

removed from the original data matrix. Then, the correlation of descriptors with each others 

and with the activity data was determined. Among the collinear descriptors detected (r > 0.9), 

one of them that had the highest correlation with activity was retained and the rest were 

ommited. 
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Model Development and Validation 

QSAR models were obtained by multiple linear regression (MLR) analysis. The stepwise 

selection of variables, a combination of forward selection and backward elimination 

procedure, was used to select the most relevant subset of descriptors. Regression analyses 

were performed by NCSS software (NCSS Inc., Version 11.5). In the case of each regression 

problem, NCSS produces many models and ranked them based on standard error of 

calibration (Se) and coefficient of multiple determinations (R2), where some models have 

large number of input variables and thus they are over-fitted.  

 
Table 3: Correlation matrix 

 pIC50 MR MV MSD MAXDN X0 
pIC50 1.0000      
MR 0.6183 1.0000     
MV 0.6993 0.8750 1.0000    

MSD -0.3472 0.1703 0.1929 1.0000   
MAXDN -0.3090 -0.2283 -0.0174 0.5142 1.0000  

X0 0.2341 0.6121 0.6958 0.7694 0.4070 1.0000 
 

To hinder obtaining over-fitted models, the generated multilinear QSAR models by NCSS 

were validated by cross-validation for prediction ability and generalization. A balance 

between the high cross-validation correlation coefficient (R2
CV) and low number of 

descriptors were used as the criterion for model selection. The overall prediction abilities of 

the final models were accessed by using prediction set containing about 25% of the original 

molecules. To do so, the data sets of each antiviral activity were classified to calibration and 

prediction sets, randomly. The model coefficients were calculated using calibration data and 

then used to calculate the antiviral activity of the molecules in the prediction set. The data 

splitting was run seven times and the root mean square errors of predictions were averaged. 

 
RESULTS AND DISCUSSION 

To investigate the effects of molecular structure on the antiviral activity of the studied natural 

compounds, a large number of molecular descriptors belonging to wide variety of structural 

features were considered. At the first, separate QSAR models were obtained using the pools 

of different type of molecular descriptors. This helped us to identify the molecular descriptors 

of each group that represented higher impact oh the antiviral activity of interest. Then, the 

selected descriptors of different types were used to develop a final QSAR model for each data 

set.  
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 Table 4: Developed QSAR models using training set of 36 molecules with Statistical and 

Cross Validated statistical descriptors. 

 
Table 5: Developed QSAR models using test set of 08 molecules with Statistical and 

Cross Validated statistical descriptors. 

 
The resulted QSAR models derived from the pools of different types of molecular descriptors 

is represented in Table 2 for the anti-HIV agents. It is clearly observed that no accurate model 

has been obtained from none of the descriptor types. However, significant QSAR models 

have been obtained from the pool of some descriptor represented the most significant QSAR 

model. These descriptors are comprehensively described. The cross-validated correlation 

coefficients (R2 CV) of the QSAR models derived from these types of descriptors are higher 

than 0.70, which means that these models could explain more than 88% of the variances in 

the anti-HIV activity of the studied natural compounds. 

 
 

Table 6: Developed QSAR models using total set of 44 molecules with Statistical and 

Cross Validated statistical descriptors. 

 

Eq. No. QSAR/QSPR Models N R2 R2adj MSE PRESS R2cv CV F 
1 pIC50 = -7.9057+ 5.7217E-

02MV 
36 0.48 0.47 1.01 37.59 0.44 0.16 32.55 

2 pIC50 =  20.9596-8.6228MSD+ 
1.8183X0 

36 0.74 072 0.54 20.87 0.69 0.11 46.22 

3 pIC50 = 14.1873-6.3286MSD 
+ 3.3525E-02*MV+ 1.0049X0 

36 0.78 0.75 0.47 18.76 
 

0.72 0.10 36.79 

Eq. No. QSAR/QSPR Models N R2 R2adj MSE PRESS R2cv CV F 

1 
pIC50 =  24.6499-
6.9062MAXDN 

08 0.50 0.42 1.19 10.84 0.25 0.17 05.99 

2 
pIC50 =  5.2981-

2.9400MSD 
+ 6.6486E-02MV 

08 0.96 0.94 0.12 21.73 0.88 0.05 55.65 

Eq. No. QSAR/QSPR Models N R2 R2adj MSE PRESS R2cv CV F 

1 pIC50 = -6.4766+ 5.1678E-02MV 44 0.46 0.44 1.06 48.20 0.41 0.16 35.17 

2 
pIC50 = 6.5005-3.1628MSD+ 
6.5457E-02MV 

44 0.76 0.75 0.47 21.29 0.74 0.10 66.51 

3 
pIC50 = 10.7146-5.3941MSD 
+ 4.2386E-02MV 
+0.7905X0 

44 0.79 0.77 0.42 20.35 0.75 0.10 50.99 

4 
pIC50 = 11.3034-0.3418MAXDN-
5.5501MSD+ 3.5670E-02MV 
+ 0.9606X0 

44 0.81 0.78 0.40 21.37 0.73 0.10 
40.27 
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To obtain QSAR model containing different structural features of the studied molecules, the 

selected descriptors appeared in Table 3 were collected and QSAR models were generated 

from the pool of these descriptors. Among the different QSAR models proposed by SPSS 

software, that model represented the highest cross-validated correlation coefficient with 

lower number of input descriptors is represented in Table 4. In this table, the selected 

descriptors along with their regression coefficient and the corresponding 

 
Table 7: The actual and predicted inhibitory anticancer activity  

After deletion of three serious outliers compound no.03,06 and 36. 

5. 
pIC50 = 9.1978-0.3859MAXDN-
4.5679MSD+ 4.3903E-02MV 
+ 0.6707X0 

41 0.88 0.87 0.22 9.80 0.85 0.07 67.54 

Compd. 
No. 

pIC50 Residual 
Obs. Predicted 

1 4.35 4.351 -0.001 
2 4.47 4.683 -0.213 
3 4.89 5.423 -0.533 
4 5 4.815 0.185 
5 5.1 5.185 -0.085 
6 5.14 5.467 -0.327 
7 5.15 5.103 0.047 
8 5.24 5.514 -0.274 
9 5.44 5.305 0.135 
10 5.47 6.646 -1.176 
11 5.48 5.123 0.357 
12 5.57 5.812 -0.242 
13 5.59 5.632 -0.042 
14 5.68 6.141 -0.461 
15 5.82 5.738 0.082 
16 5.89 5.906 -0.016 
17 5.96 5.433 0.527 
18 6.48 6.165 0.315 
19 6.59 6.325 0.265 
20 6.66 6.768 -0.108 
21 6.92 6.044 0.876 
22 6.96 6.511 0.449 
23 7.2 7.174 0.026 
24 7.23 7.619 -0.389 
25 7.37 7.35 0.02 
26 7.72 7.052 0.668 
27 7.85 8.585 -0.735 
28 7.89 7.299 0.591 
29 7.89 8.28 -0.39 
30 7.92 8.14 -0.22 
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y = 0.8824x + 0.7606

R2 = 0.8824
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Fig 1: Graph plotted between actual pIC50 and predicted pIC50 inhibitory anticancer 

activity  

 

 

 

 

 

 

 

 

 

 

 

Fig 2: Graph plotted between k and standardized beats 

 

31 8.13 7.818 0.312 
32 8.27 8.233 0.037 
33 8.3 8.093 0.207 
34 8.57 8.455 0.115 
35 4.09 4.795 -0.705 
36 5 5.808 -0.808 
37 6.01 5.55 0.46 
38 7.59 7.514 0.076 
39 7.85 6.879 0.971 
40 8.11 7.766 0.344 
41 8.36 8.699 -0.339 
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Fig 3: Graph plotted between k and VIF 

 
The overall prediction ability of the resulted model was established by using prediction set 

samples. To do so, 36 molecules, out of 44 molecules, were randomly selected as prediction 

set and the rest were chosen as calibration samples. Model coefficients were calculated using 

calibration samples and then they used to predict the activity of the prediction samples. To 

investigate the effect data splitting on the model performances, data splitting into calibration 

and prediction sets was repeated seven times. The resulted correlation coefficients of the 

prediction sets are shown in Fig. 2A. Obviously, the resulted correlation coefficients are 

higher than 0.88, which shows the ability of the resulted QSAR model to predict 88% of the 

anti-HIV1 activity data.  
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