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Abstract 

Pharmacoinformatics approaches are widely used in the field of drug discovery as it saves time, 

investment and animal sacrifice. In the present study, pharmacophore based virtual screening was 

adopted to identify potential HIV-protease ligand as anti-HIV agents. Pharmacophore is the 3D 

orientation and spatial arrangement of functional groups that are critical for binding at the active 

site cavity. Virtual screening retrieves potential hit molecules from databases based on imposed 

criteria. A set of 30 compounds were selected with inhibition constant as training set from 129 

compounds of dataset set and subsequently the pharmacophore model was developed. The selected 

best model consists of hydrogen bond acceptor and donor, hydrophobic and aromatic ring, features 

critical for HIV-protease inhibitors. The model exhibits high correlation (R = 0.933), less rmsd 

(1.014), high cross validated correlation coefficient (Q
2
 = 0.872) among the ten models examined 

and validated by Fischer’s randomization test at 95% confidence level. The acceptable parameters 

of test set prediction, such as R
2

pred = 0.768 and r
2

m(test) = 0.711 suggested that external predictivity 

of the model was significant. The pharmacophore model was used to perform a virtual screening 

employing NCI database. Initial hits were sorted using a number of parameters and finally seven 

compounds were proposed as potential HIV-protease molecules. One potential HIV-protease ligand 

is reportedly confirmed as an active agent for anti-HIV screening validating the current approach. It 

can be postulated that the pharmacophore model facilitates the selection of novel scaffold of HIV-

protease inhibitors and also can be allow the design of new chemical entities. 
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1. Introduction 

Acquired immunodeficiency syndrome (AIDS) is an epidemic disease with an estimated two 

million deaths each year[1] and remains one of the world's most significant public health 

challenges, predominantly in low- and middle-income countries. The causative agent of the AIDS is 

human immunodeficiency virus type -1 (HIV-1)[2-5] which is characterized by extensive and 

dynamic genetic diversity[6] that has implications for the understanding of viral transmission, 

pathogenesis  and diagnosis, and strongly influences strategies for vaccine development. The HIV 

polyprotein precursor is encoded by relatively simple genomes consisting of gag, pol and env open 

reading frames. The gag gene encodes the structural capsid, nucleocapsid, and matrix protein; env 

undergoes multiple alternative splicing events to regulatory protein; while, pol encodes essential 

viral enzymes necessary for viral replication. The HIV-1 protease receptor (HIV-1 PR) is an 

aspartyl protease that is required for proteolytic processing of the gag and gag-pol polyprotein 

precursors to yield the viral enzyme and structural proteins and is absolutely indispensible for 

proper viron assembly and maturation[7]. For this reason this protein is one of the major targets for 

the design of anti-HIV inhibitors[8] for the treatment of AIDS due to its critical role in virus 

maturation and replication. HIV-1 PR contains a homodimeric C-2 symmetric structure and each 

monomer contributes one catalytic aspartic residue along with threonine and glycine residues which 

are flexible and a flap that favors the binding of substrate and inhibitors. The highly active 

antiretroviral therapy (HAART) and protease inhibitors (PIs) along with reverse-transcriptase 

inhibitors have resulted in the unprecedented success of HIV/AIDS chemotherapy[9-12]. However 

owing to the rapid emergence of drug-resistant HIV-1 variants and transmission of these resistant 

viral strains along with the adverse side effects of currently used HIV-1 PIs, are remain critical 

factors that limiting the clinical effectiveness of HAART[13-15]. Numerous groups worldwide have 

developed HIV-1 protease inhibitors, showing excellent antiviral profiles[16-22]. Up to now, some 

clinically approved HIV-1 protease inhibitors including atazanavir, indivanir, nelfinavir and 

sequinavir are available in the market for HIV treatment but they are very peptide-like and have 

poor bio-availability. Therefore to overcome these problems, there is a need for the development of 

new PIs with improved activity against drug resistant variants and excellent pharmacokinetic and 

safety profiles. The pharmacoinformatics approaches including structure activity relationship 

(SAR), pharmacophore, virtual screening and molecular docking have become pivotal techniques in 

the pharmaceutical industry for lead discovery. Many groups have applied the pharmacoinformatics 

approaches to identify inhibitors[23-29] against HIV protease. Hence the current study explores the 

binding preferences of the inhibitory molecules of HIV protease in terms of space modelling study 

and virtual screening along with molecular docking.  
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A pharmacophore defined as ensemble of steric and electronic features that is required to ensure 

optimal supra-molecular interactions with a specific biological target and to trigger (or block) its 

biological response[30]. It also can be stated that the pharmacophore concept is based on the kinds 

of interaction observed in molecular recognition, i.e., hydrogen bonding, charge, and hydrophobic 

interaction. The pharmacophore features: hydrogen bond acceptor (HBA) and donor (HBD), 

hydrophobic (H) and aromatic ring (R) were found to be the key features associated with the 

selectivity and potency of HIV protease inhibitors. The pharmacophore model can be used in virtual 

screening to identify potential  molecules, predict the activity of the newly synthesized compound 

before animal experiment; or understand the possible mechanism of action[31, 32]. In this study, an 

attempt was made to identify the pharmacophore hypothesis using the HypoGen algorithm[33] 

based on key chemical features of HIV-protease inhibitors with inhibition constant covering a 

satisfactory wide range of magnitude. The model was validated using several statistical approaches 

including Fischer’s randomization and test set prediction. The validated model was utilized for the 

virtual screening to select the virtual hits from structural database. The molecular docking study 

was also performed to elucidate the binding interactions and preferred orientation of proposed 

potential molecules. The significance of the work is clearly reflected by the identification of seven 

potent lead molecules as protease inhibitors. Among these seven potential HIV-protease ligand one 

compound is reportedly confirmed as an active anti-HIV agent, thus validating the approach. 

 

2. Materials and methods 

The pharmacophore space modelling study is one of the most widely used and versatile techniques 

to discover novel scaffolds for various targets. Mainly, two types of pharmacophore modelling 

approaches can be used and adopted for searching novel active scaffolds, ligand-based and 

structure-based. In the present research ligand-based pharmacophore modelling approach was 

considered for a set of HIV protease inhibitors with inhibitory constant (Ki).  

The Discovery Studio 3.5 (DS)[34] was used for the 3D QSAR pharmacophore, virtual screening 

and molecular docking studies. The DS is commercially available software containing several 

module packages and widely used in the pharmacoinformatics drug discovery[35-38]. The 3D 

QSAR Pharmacophore Generation module enables the use of structure and activity data for a set of 

potential HIV-protease ligand to create hypotheses. Two algorithms, HypoGen and HipHop are 

used for ligand-based pharmacophore modelling. The HypoGen allows identification of hypotheses 

that are common to the ‘active’ compounds of training set but not present in the ‘inactive’ 

compounds, whilst HipHop identifies hypotheses present both in ‘active’ and ‘inactive’ compounds. 

In the present work the HypoGen algorithm was used to generate the hypotheses. 
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Figure 1: 2D chemical structures of the training set compounds and the activity values (Ki) are given in the parentheses. 
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2.1 Dataset 

A dataset of 129 HIV protease inhibitors[39-41] were collected from literature. The experimental Ki 

values were determined by the same group of authors using fluorescence resonance energy transfer 

(FRET) method. The whole dataset was divided into training and test set compounds for 

pharmacophore model generation and validation of generated model respectively. The molecules of 

the dataset have a wide range of Ki, from 0.0008 to 237.8 nM. The whole dataset was divided into 

three categories based on their activities values; highly active (Ki < 1.000 nM, +++), moderately 

active (1.000 ≤ Ki < 66.000 nM, ++) and least active (Ki ≥ 66.000 nM, +). To select the training set 

for pharmacophore model in DS basic guidelines laid down by Li et al.[42] were followed. The 

guidelines are a) molecules should be selected to provide clear and concise information including 

structure features and activity range. b) a minimum of 16 diverse molecules for training set should 

be considered to ensure the statistical significance and avoid chance correlation. c) the training set 

must include the most and the least active molecules. d) the biological activity data of the molecules 

should have spanned at least 4 orders of magnitude. Based on the above criteria 30 compounds were 

selected as training set (ntr = 30, Figure 1) and the remaining 99 compounds (Table S1 in 

Supplementary file) were considered as test set (nts) compounds used for assessing the performance 

of pharmacophore model. The information concerning the structure and the biological activity of 

test set compounds is provided in the supplementary information, while all the data regarding the 

training set molecules are reported in Figure 1. The three-dimensional coordinates of the 

compounds were generated using the 2D/3D visualizer[34] of DS. For each compound, the 

geometries were corrected, atoms were typed and energy minimization was performed based on the 

modified CHARMm force field[43, 44]. The various protocols in the molecular modelling package, 

DS were utilized for 3D-QSAR modelling, virtual screening and molecular docking studies. 

 

2.2 Pharmacophore model generation 

The pharmacophore model was developed using 3D QSAR Pharmacophore Model Generation 

module of DS. The training set molecules were considered to generate conformation by Cat-Conf 

program of the DS software package. The BEST method was applied during generation of multiple 

acceptable conformations which provides complete and improved coverage of conformational space 

by performing a rigorous energy minimization and optimizing the conformations in both torsional 

and Cartesian space using the poling algorithm[45]. The algorithm best conformer generation 

considers the arrangement in space of chemical features rather than simply the arrangement of 

atoms[46]. The Feature mapping was used to predict the favourable features for the highly active 

compounds of the dataset. Mapped features were considered as input features for model generation. 

Followed by the conformer generation, the algorithm also considers chemical features and 
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conformers, and operates in two modes: HipHop and HypoGen. HipHop generates pharmacophore 

models using active compounds only, whereas HypoGen takes activity data into account and uses 

both active and inactive compounds in an attempt to identify a hypothesis that is common among 

the active compounds but not in the inactive compounds[46]. It builds top ten scoring hypothesis 

models with consideration of the training set, conformational models and chemical features by three 

steps: a constructive step, a subtractive step and an optimization step[47]. The constructive step 

generates hypotheses that are common among the most active compounds, while in subtractive step, 

the hypotheses that fit to the inactive compounds are removed. Finally, the optimization step 

attempts to improve the score of the remaining hypotheses by applying small perturbation[46, 48]. 

The best hypothesis was selected based on the high correlation coefficient (R), low root mean 

square deviation (rmsd), cost function analysis and good predictive ability.  

2.3 Validation of pharmacophore model 

Validation is an essential step of any in-silico model to judge the predictivity and applicability as 

well as robustness. In the current study, the developed pharmacophore hypotheses were validated 

by four different methods, (1) internal validation, (2) cost function analysis, (3) Fischer’s 

randomization test and (4) test set prediction. 

 

2.3.1 Internal validation 

The best model was validated internally using the leave-one out (LOO) cross-validation method. In 

this procedure, one compound was randomly deleted from training set in each cycle and model 

regenerated using the rest of the compounds with the same parameters used in original model. The 

new generated model was used to predict the activity of deleted compound. The procedure was 

continued until all molecules of the training set were deleted and activity predicted. The LOO cross-

validated correlation coefficient (Q
2
) and error of estimation (se) were calculated based on predicted 

activity of training compounds as explained above. High Q
2
 (>0.5) and low se (<0.5) explained 

better predictive ability [49].  

Further to confirm the good predictive ability of the training set compounds, the modified r
2
 

(r
2

m(LOO)) developed by Roy et al.[50, 51] was calculated. The r
2

m(LOO) is a measure of the degree of 

deviation of the predicted activity from the observed ones. It was reported that model may be 

considered with r
2

m(LOO)>0.5. 

 

2.3.2 Cost function analysis 

The statistical parameters employed for hypothesis generation were spacing, uncertainty, and 

weight variation. Spacing is a parameter representing the minimum inter-features distance that may 

be allowed in the resulting hypothesis. The weight variation is the level of magnitude explored by 
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the hypothesis in where each feature signifies some degree of magnitude of the compound’s 

activity. This varied in some cases from 1 to 2. In other cases, the default value of 0.3 is generally 

considered. The uncertainty parameter reflects the error of prediction and denotes the standard 

deviation of a prediction error factor called the error cost. In the present work, values of 1.5 to 3.0 

were considered as the uncertainty parameter. The total cost function is minimized encompassing 

three terms, viz., weight cost, error cost, and configuration cost. Weight cost is the value that 

increases as the weight variation in the model deviates from the input weight variation value. The 

deviation between the estimated activity of the molecule in the training set and their experimentally 

determined value is the error cost. A fixed cost depends on the complexity of the hypothesis space 

being optimized and is also denoted as the configuration cost. The configuration cost is equal to the 

entropy of hypothesis space and should have a value <17 for a good pharmacophore model. The 

hypogen algorithm also calculates the cost of a null hypothesis that assumes no relationship in the 

data, and the experimental activities are normally distributed about their mean. Accordingly, the 

greater the difference (∆cost) between the total and the null costs, it is more likely that the 

hypothesis does not reflect a chance correlation. 

 

2.3.3 Fischer’s randomization test   

The Fischer’s randomization test was used to ensure strong correlation between the chemical 

structures and the biological activity of the training set molecule. In this method, the biological 

activity was scrambled and assigned new values. Thereafter, the pharmacophore hypotheses were 

generated using the same features and parameters as those used to develop the original 

pharmacophore hypotheses. If the randomization run generates better correlation coefficient and/or 

better statistical parameters than the original hypothesis may be considered to be developed by 

chance. Depending upon the statistical significance randomization run produces a different number 

of spreadsheets. The statistical significance is given by following equation. 

[1 (1 ) / ]Significance a b          (1) 

Where, a defined as total number of hypotheses having a total cost lower than best significant 

hypothesis, whereas b denoted by total number of HypoGen runs and random runs. In case of 95% 

confidence level 19 random spreadsheet are generated (b = 20) and every generated spreadsheet is 

submitted to HypoGen using the same experimental conditions as the initial run. In the present 

study, the developed pharmacophore model was checked at 95% confidence level and  produced 19 

spreadsheets. 
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2.3.4 Test set prediction 

The prediction of the test set compound is a crucial step in order to verify whether the 

pharmacophore model was able to accurately predict the activities of compound beyond the training 

set molecule. Consequently, in the present research 99 test compounds were predicted using the 

developed pharmacophore model by Ligand Pharmacophore Mapping protocol in DS, depicted in 

Table S1 (Supplementary file) and Figure 4 . External validation provides the ultimate proof of the 

true predictivity of the model, and the predictive capacity of the model was judged best on 

statistical parameters, R
2

pred (correlation coefficient) and sp (error of prediction). The threshold 

value of R
2

pred is ≥0.5, whereas for sp it is ≤0.5[52, 53]. 

The R
2

pred value depends on the mean observed activity of the training set compounds. 

Consequently high values of this parameter may be obtained for compounds with a wide range of 

activity data, but this may not indicate that the predicted activity values are very close to those 

observed. Though a good overall correlation is maintained, there may be a significant numerical 

difference between the two values. In order to better indicate the predictive ability of the model, 

modified r
2
 [r

2
m(test)][54, 55] values were calculated (threshold value=0.5). 

 

2.4 Virtual screening 

Virtual screening is a vital technique which is used to identify novel potent compounds that can 

repress or trigger the activity of a particular target. In this work, the best developed pharmacophore 

model was considered for 3D query in the NCI (National Cancer Institute) database screening to 

retrieve the novel scaffold for HIV protease inhibitors. The NCI database contains 265,242 

compounds. The filtered compounds were screened with a number of criteria. The flow diagram of 

the screening protocol is given in the Figure 2. Biological activity (Ki) of the retrieved compounds 

was estimated using the pharmacophore model and only those compounds whose activity falls 

within range of the training set compounds were selected for next step. Further the compounds were 

fitted in the pharmacophore model using maximum omitted feature set to ‘0’. Lipinski’s rule of 

five[56] was applied  and then molecular docking was performed. The dock score and binding 

energy of the compounds were compared with most active compound of the dataset. Finally the 

binding interactions were observed between the potential HIV-protease compounds and catalytic 

residues of the active site.  
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Figure 2: Schematic representation of the virtual screening protocol. 

 

2.5 Molecular docking 

In order to understand how the screened drug-like virtual hits bind to the receptor, potential HIV-

protease ligands were analysed using the ligand-receptor interactions by molecular docking. 

Molecular docking is one of the best filtering methods and a crucial technique in drug design 

process. The LigandFit protocol of the DS was used to dock the retrieved compounds by virtual 

screening. The LigandFit protocol first detects the cavity to identify and select the region of the 

protein as the active site, and secondly dock the ligands to the selected site. 3D regular grids of 

points are employed for site detection and also for estimating the interaction energy of the ligand 

with the protein during docking. The protein receptor of the HIV protease was selected from RCSB 

Protein Data Bank (RCSB-PDB) for the molecular docking study. Among several HIV protease 

inhibitors PDB ID: 1T3R was selected based on the receptor size, resolution and deposited date. 

Both receptor and ligands were prepared using standard tools Prepare Protein and Prepare Ligand 

of DS respectively. Both protein and ligand were minimized using CHARMm force field. The 

‘Build Loop’ and ‘Protonate’ parameters were set to ‘True’ while, dielectric constant, pH, ionic 

strengths and energy cut-off were considered as default value for the protein preparation. In case of 

ligand preparation ‘Change ionization’, ‘Generate Tautomers’ and ‘Generate isomers’ were set to 

‘False’, and ‘Generate Coordinates’ was set to ‘3D’. The binding site was identified after protein 

preparation based on the volume occupied by the ligand in protein-ligand complex. The validation 

of docking protocol is essential to avoid the false positive results of molecular docking. In order to 
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validate docking parameters, the co-crystal from PDB was initially sketched and docked into the 

active site HIV protease. The docked pose was checked to see whether it was able to produce the 

hydrogen-bonding interactions with the critical amino acids. The RMSD between the docked pose 

and the co-crystal was calculated to determine if the docking parameters were able to reproduce a 

conformation comparable to that of the co-crystal at the active site of HIV protease. Then the 

potential molecules were docked using the same parameters as in the co-crystal docking. During the 

docking process, the top ten conformations for each ligand based on the dock score after energy 

minimization using the smart minimizer method (which begins with the steepest descent method 

and is followed by the conjugate gradient method) were assessed. The docked poses were validated 

based on the hydrogen-bonding interactions between the candidate molecules and the active site 

residues. 

 

3. Results and discussion 

The pharmacophore model was developed based on training set (ntr = 30) compounds by the 

HypoGen algorithm. The training set molecules are listed in the Figure 1 (H1 – H30) and the 

activity values (Ki) is shown within the parentheses. Based on the Feature mapping protocol of DS, 

‘HBA’, ‘HBD’, ’H’ and  ‘R’ features were selected for as required chemical features and were used 

as input to the 3D QSAR pharmacophore generation module. Top ten hypotheses were generated 

with fixed and null cost values 219.780 and 123.574 respectively. The statistical parameters derived 

based on the activity of the training compounds are given in the Table 1. Debnath’s[31, 57] analysis 

states that the best pharmacophore model should have the lowest cost value, highest cost difference, 

smallest rmsd, and best correlation coefficient. The predictive power of first hypothesis (Hypo 1) 

was confirmed by Debnath’s method[31, 57]. A valid hypothesis should have the overall cost of the 

hypothesis far from the null cost and close to the fixed cost. It is elicited that the difference in cost 

(∆cost) is the difference between the null cost and the total cost of the hypothesis; a cost difference 

of 40–60 bits leads to a predictive correlation probability of 75–90%, and if the difference is greater 

than 60 bits, the hypothesis is considered to have a correlation probability of greater than 90%[58]. 

In the current study the cost difference for Hypo1 (Table 1) was found to be 78.524 that is more 

than 60 bits, indicating that this hypothesis has a >90% chance of being able to select HIV 

inhibitors.  
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Table 1: Statistical results and predictive power (presented as cost, measured in bits) of the top ten hypotheses of 

training set molecules of HIV protease inhibitors 

Hypo 

No. 

Spacing 
1
Unc.

 2
Wt. 

Var. 

3
R 

4
Rmsd Costs Output 

features Total Null Fixed 
5
∆ 

6
Config. 

1 100 3 1.5 0.933 1.014 141.256 219.780 123.574 78.524 16.521 a, d, p, r 

2 100 3 1.5 0.886 1.304 151.428 219.780 123.574 68.352 16.521 a, p, r, r 

3 100 3 1.5 0.884 1.315 152.253 219.780 123.574 67.527 16.521 a, a, d, p 

4 100 3 1.5 0.860 1.436 155.628 219.780 123.574 64.152 16.521 a, d, p, r 

5 100 3 1.5 0.867 1.407 156.226 219.780 123.574 63.554 16.521 a, d, p, r 

6 100 3 1.5 0.852 1.476 157.632 219.780 123.574 62.148 16.521 a, d, p, r 

7 100 3 1.5 0.846 1.502 159.068 219.780 123.574 60.712 16.521 a, a, p, r 

8 100 3 1.5 0.837 1.542 161.584 219.780 123.574 58.196 16.521 a, d, p, r 

9 100 3 1.5 0.833 1.558 161.603 219.780 123.574 58.177 16.521 a, d, p, r 

10 100 3 1.5 0.827 1.582 161.678 219.780 123.574 58.102 16.521 a, d, p, r 
1
Uncertainty; 

2
Weight variation; 

3
Correlation coefficient; 

4
Root mean square deviation; 

5
(Null cost- Total cost); 

6
Configiration cost, a = HBA; d = HBD; p = H; r = R 

 

The correlation coefficient (R) of all the hypotheses were determined and it was observed that all of 

the hypotheses had correlation coefficients of >0.800, but the best hypothesis presented the highest 

correlation coefficient (0.933), which demonstrates the good predictive ability of the selected 

hypothesis. The fixed and total cost values for Hypo1 were found to be 123.574 and 141.256, 

respectively, whereas the difference between total and null cost found as 78.524. The highest cost 

difference and good correlation along with low rmsd and minimum error values were observed for 

Hypo1 (Table 1) when compared with the other hypotheses. Hence, Hypo1 was selected as the best 

hypothesis and employed in further analyses. 

The best model (Figure 3) consisted one of each ‘HBA’, ‘HBD’, ‘H’, and ‘R’ feature and depicted 

in Figure 3 mapped with most active compound of the dataset. Apart from the cost analyses, the 

merit of hypothesis was justified by its ability to predict the activity of individual compounds within 

the set. For this purpose, the training set compounds were approximately classified into three 

different categories: highly active (Ki< 1.000 nM,+++), moderately active (1 nM ≤ Ki < 66.000 nM, 

++) and least active/inactive (Ki > 66.000 nM, +). All the compounds in the training set were 

accurately predicted with low error values between the experimental and estimated Ki. The 

predicted activity of the training set molecules explained that one active compound was 

overestimated as moderately active and two moderately active molecules were underestimated as 

active compounds. The remaining compounds were classified correctly within their region. Based 

on the discussion above it can be concluded that the activities of the compounds estimated by 

Hypo1 were close to the corresponding experimental Ki values, and the error values defined as the 

ratio between the experimental and estimated activity values which demonstrated remarkable 

consistency between the estimated and experimental Ki values. It was observed that molecule H5 
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and H11 under estimated the activity when mapped to the pharmacophore model. Possible reason of 

such depraved estimation was that each compound contains three electronegative fluorine atoms in 

the scaffold that withdrawn electrons towards itself. The experimental and predicted activities of 

Hypo1 for the training set compounds are shown in Table 2 and Figure 4. It was observed that best 

hypothesis gives Q
2
 of 0.872 and se of 0.485. The high Q

2
 and low se of the selected model 

suggested that model is robust in nature. 

 

Figure 3: a) Mapped pharmacophore features (Hypo 1) with most active compound (H11); b) Inter-feature distances of 

Hypo 1, a = HBA, d =HBD, p = H, r = R 

The best model (Figure 3a, Hypo 1 in Table 2) mapped with most active compound of the dataset 

suggested that hydroxyl group present in the molecule behaved as HBD, whereas oxy group 

attached to sulphur atom revealed as HBA. The bulky group, iso-butane present in the molecular 

scaffold imparted the hydrophobicity of the molecule. The phenyl ring was critical for the aromatic 

ring features. The best selected hypothesis was validated to nullify over prediction of the bioactivity 

for inactive compounds through hyporefine. In this process, the steric interaction of the compounds 

was considered in hypothesis generation, but this factor was not portrayed in the validated (refine) 

hypothesis. This indicated the presence of steric hindrance of the molecule has not direct influence 

on inhibitory constant to HIV protease. Therefore it can be postulated that to design or synthesize 

new chemical entities of HIV-protease inhibitors HBA, HBD, H and R factors with critical inter-

feature distances (Figure 3b)are to be crucial factors. 
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Table 2: Observed, predicted activities and fit values of the training set molecules, obtained using the pharmacophore 

model Hypo1 

Comp. 
Activity (Ki nM) 

Error 
Activity scale 

Fit value 1
Obs. 

2
Pred. 

1
Obs. 

2
Pred. 

H1 0.8730 1.5868 +1.818 +++ ++ 16.901 

H2 0.4260 0.7933 +1.862 +++ +++ 17.203 

H3 0.0480 0.1710 +3.563 +++ +++ 17.869 

H4 0.0600 0.0311 -0.518 +++ +++ 18.609 

H5 31.4400 3.1213 -10.073 ++ ++ 16.608 

H6 65.8900 33.8476 -1.947 ++ ++ 15.572 

H7 3.3750 4.5427 +1.346 ++ ++ 16.445 

H8 0.1000 0.2618 +2.618 +++ +++ 17.684 

H9 0.0830 0.2133 +2.570 +++ +++ 17.773 

H10 0.0060 0.0039 -1.550 +++ +++ 19.514 

H11 0.0008 0.0026 +3.267 +++ +++ 19.685 

H12 0.2300 0.1342 -1.714 +++ +++ 17.974 

H13 0.1840 0.3143 +1.708 +++ +++ 17.605 

H14 0.0160 0.0259 +1.621 +++ +++ 18.688 

H15 0.0720 0.0044 -16.414 +++ +++ 19.460 

H16 2.0000 0.3858 -5.184 ++ +++ 17.516 

H17 238.7000 101.8500 -2.344 ++ ++ 15.094 

H18 188.8000 128.8150 -1.466 ++ ++ 14.992 

H19 167.7000 157.8480 -1.062 ++ ++ 14.904 

H20 7.3600 0.8676 -8.484 ++ +++ 17.164 

H21 0.3470 0.2271 -1.528 +++ +++ 17.746 

H22 0.1500 0.3808 +2.539 +++ +++ 17.521 

H23 0.2120 0.8762 +4.133 +++ +++ 17.159 

H24 0.1330 0.1103 -1.206 +++ +++ 18.059 

H25 0.3190 0.6859 +2.150 +++ +++ 17.266 

H26 0.2390 0.2409 +1.008 +++ +++ 17.720 

H27 0.2860 0.1568 -1.824 +++ +++ 17.907 

H28 0.0250 0.0090 -2.770 +++ +++ 19.146 

H29 0.0080 0.0239 +2.993 +++ ++++ 18.723 

H30 0.1220 0.5399 +4.425 +++ +++ 17.370 
1
Observed; 

2
Predicted 

 

3.1 Test set prediction 

The robust model should have the capability to predict the activities of the compounds which were 

not involved in model generation. Altogether, 99 compounds (Table S1 in supplementary file and 

Figure 4) were considered for test set and classified based on their activity values: highly active 

(Ki< 1.000 nM,+++), moderately active (1 nM≤ Ki<66.000 nM,++) and least active/inactive 

(Ki>66.000 nM,+). The activity of the test set compounds was estimated by Ligand Pharmacophore 

Mapping implemented in DS. Comparison between observed and estimated activity revealed that 

three active compounds were overestimated as moderately active and remaining compounds 

classified correctly which suggested that selected model was able to provide accurate estimates for 
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activities of external compounds. The correlation (R) between observed and estimated activity of 

test compounds showed 0.884 and the R
2

pred value of 0.768 with error of prediction (sp) of 0.564. 

For a better determination of the predictive abilities of the models, the values of r
2

m(test) were also 

calculated. The value of this parameter determines whether the predicted activity values are close to 

the corresponding observed ones, since a high value of R
2

pred may not always indicate a low residual 

between the observed and predicted activity data. Among all of the hypotheses developed, the 

largest value of r
2

m(test) (0.711) was observed for Hypo 1, indicating that this model has acceptable 

predictive potential. Thus, the results suggested that the selected pharmacophore can reasonably 

predict the activities of new compounds. 

 

 

Figure 4: Observed and predicted inhibitory constant of HIV protease inhibitors based on Hypo 1. 

 

3.2 Fischer randomization test 

The Fischer randomization test was used to check the statistical relevance of the hypothesis of 

interest by assigning a particular confidence level. In the present case confidence level was set to 

95%, so 19 random spreadsheets were created by shuffling the experimental activity values of the 

training set compounds, and a hypothesis was generated for each spreadsheet. The significance of 

the hypothesis was calculated as per equation (1). The correlation of 19 spreadsheets is depicted in 

the Table 3 which indicates that none of the values generated after randomization produced 

hypotheses that exhibited predictive powers similar to that of hypo 1 (Table 1).  

 

 

 

 

 



15 
 

Table 3: Correlation and total cost of the 19 random spreadsheets 

Validation Correlation Total cost 

random1 0.642 193.908 

random2 0.711 185.811 

random3 0.792 170.670 

random4 0.862 155.609 

random5 0.800 169.458 

random6 0.694 186.072 

random7 0.757 178.068 

random8 0.717 183.472 

random9 0.737 180.122 

random10 0.805 168.089 

random11 0.786 174.434 

random12 0.796 169.971 

random13 0.852 167.504 

random14 0.774 172.581 

random15 0.768 173.457 

random16 0.856 159.609 

random17 0.665 192.395 

random18 0.777 174.247 

random19 0.870 157.111 

 

 

The average of correlation coefficient for all 19 trials was about 0.772. It was also observed that the 

total costs of randomized runs were much higher than the total cost of Hypo 1. The total cost of 

Hypo 1 and all other 19 random hypotheses is depicted in the Figure 5 and Table 3. The above 

discussion clearly shows that the selected pharmacophore model was not generated by chance. 
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Figure 5: Comparison of the total costs of Hypo 1 and 19 random hypotheses generated in the Fischer’s randomization 

test. 

 

3.3 Virtual screening 

Virtual screening is the powerful technique for potent molecules identification and an effective 

alternative to high-throughput screening methodologies. The validated QSAR, pharmacophore or 

molecular docking models are used to screen the molecular database for lead discovery. In the 

present research, pharmacophore model (Hypo 1 in Table 1) was used to search the NCI database 

(consisting of 265,242 compounds) for potential HIV protease inhibitors. The ‘Search Database’ 

under ‘Pharmacophore’ module of DS was used for screening of the database, where the protocol 

‘Search Method’ and ‘Limit Hits’ were set to ‘best’ and ‘all’ respectively. The flow diagram of the 

screening protocol is depicted in Figure 2. Initially the Hypo 1 screening revealed 26548 

compounds. The biological activity of all compounds was estimated by Ligand Pharmacophore 

Mapping protocol of DS. It was found that 1268 compounds were in the range of activity 0.008nM 

to 238.700nM, which is the range of activity of training set molecules. These were further 

considered for screening. These compounds fitted with Hypo 1 using omitted feature set to ‘0’ and 

it was observed that 1241 compound successfully fitted with all the features but 27 compounds 

failed to map all pharmacophoric features. These molecules were further considered to check 

Lipinski’s rule of five[56] and observed that 493 compounds failed to pass the rule. The remaining 

748 compounds were considered for molecular docking study using the LigandFit module of DS, 

where 710 compounds were successfully docked. The most active compound of the training set was 

also docked and binding energy calculated along with docked 710 compounds. DockScore of 10 

molecules out of 710 were found to be greater than DockScore of most active compounds. Among 
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these 10 molecules seven molecules (NSC70804, NSC126464, NSC138969, NSC163404, 

NSC179371, NSC216959 and NSC351981) were found to have less binding energy than the most 

active compound. Consequently these seven molecules (Figure 6) were considered as potential 

HIV-protease molecules and further subjected to assess the critical interactions with the catalytic 

amino acid residues present in the active site cavity of the HIV protease. The Hypo 1 screening 

identified one potential HIV-protease ligand, NCS70804 which is already reported as an active 

molecule in anti-HIV screening confirming the validity of the model. 
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Figure 6: Screened lead compounds from NCI database. 

 

3.4 Molecular docking 

The molecular docking is used in order to find out the accurate and preferred orientations of the 

ligand at the active site of the protein. The docked complexes of the potential HIV-protease ligands 

screened from NCI database (Figure 6) and most active compound (H11 in Figure 1) of the training 

set were considered to assess the optimal orientation and binding abilities. The crystal structure of 

HIV protease (PDB ID: 1T3R) was collected from RCSB-Protein Data Bank. Self-docking is one of 

the approaches to validate the molecular docking method[59] in which bound ligand is docked at 

the catalytic site of protein molecule and the conformer of the original bound ligand is 

superimposed to the docked poses to calculate root mean square deviation (RMSD) values. It is 

reported that low RMSD (<2 Å) value of original bound ligand validates the docking procedure[59]. 

In the present study, self-docking approach was considered to validate the docking procedure. In 

this approach the freshly docked complex of bound compound with the receptor was superimposed 

with original complex downloaded from RCSB PDB (PDB ID: 1T3R). The RMSD values was 

found 0.00Å, which indicated that the protocol was selected in the docking method was validated. 
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Figure 7: Binding modes of most active compound of the training set and NCI database screened potential HIV-

protease molecules. 

 

The docked complex (Figure 7) between most active compound of the training set and HIV protease 

revealed that Arg8, Asp25 and Ile50 were catalytic amino residues. Two hydrogen bonds and one 

bump interactions were observed between the ligand and Arg8. The Asp25 interacted with the 

ligand by forming one bump interactions with the ligand. Ile50 clashed with the ligand by one 

potential hydrogen bonding. All potential HIV-protease compounds showed strong interactions with 

catalytic residues such as Leu24, Asp25, Thr26, Gly27, Asp29, Ile50 and Ile84 at the active site 

cavity of HIV protease. As mentioned among these seven potential HIV-protease ligands 

NSC70804 was listed as an active compound in anti-HIV screening.  

 

4. Conclusion 

The work presented here was performed to achieve the structural and orientational factors important 

for HIV protease inhibitors, to focus on the pharmacophore-based virtual screening of molecular 

database and propose the potential HIV-protease compounds for the anti-HIV agents. A number of 

hypotheses were generated based on 30 training set compounds and finally ten hypotheses were 

retained for further evaluation. Based on Debnath’s analysis, Fischer’s randomization test, test set 

prediction and Roy’s r
2

m prediction the Hypo 1 was selected as best pharmacophore model. This 

model was suggested that one of each HBA, HBD, H and R features were crucial for inhibitory 

activity. The Hypo 1 was selected to for the virtual screening of NCI database to retrieve some 

potential and less toxic anti-HIV agents. Initial screened compounds were passed through several 

criteria including the range of activity of training set, fit to model with omitted feature set to ‘0’and 
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comparison of dock score and binding energy with most active compound of the data set to reach 

the potential compounds. Among the more than twenty five thousand initial hit compounds, seven 

compounds finally satisfied all these criteria and were used to further evaluate the binding 

interactions with critical amino residues at the active site of HIV protease. This virtual screening 

using the Hypo 1 obtained one potential molecule, NCS70804 from NCI database which is already 

confirmed as active in anti-HIV screening. A number of hydrogen bonds and bump interactions 

were observed between potential HIV-protease compounds and catalytic residues such as Leu24, 

Asp25, Thr26, Gly27, Asp29, Ile50 and Ile84. Therefore this indirect receptor-independent 

pharmacophore model can calculate accurately the position and orientation of potential ligand in a 

binding site and the selected model has enough potential to retrieve the active molecule from 

database. The potential HIV-protease molecules will be subjected to experimental validation to 

obtain further confirmation. 
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Supplementary Table 

 

Table S1: Observed, predicted activities and fit values of the test set molecules, obtained using the 

pharmacophore model Hypo1 

Comp. Structure 
Activity (ki nM) Activity scale 

Fit value 
Observed Predicted Observed Predicted 

T1 
O

O

N
H

N

S

O

O

OH

S

N

 

0.243 0.095 +++ +++ 18.123 

T2 
O

O

N
H

N

S

O

O

OH

O

H
N

O

F

F

F

 

11.950 13.427 ++ ++ 15.335 

T3 
O

O

N
H

N

S

O

O

OH

O

H
N

O

Cl

Cl

 

0.003 0.008 +++ +++ 16.656 

T4 
O

O

N
H

N

S

O

O

OH

O

H
NO

O

 

2.010 2.767 ++ ++ 16.660 

T5 
O

O

N
H

N

S

O

O

OH

O

O

O

 

0.028 0.007 +++ +++ 19.261 

T6 
O

O

N
H

N

S

O

O

OH

O

N

O

O

 

0.003 0.001 +++ +++ 17.249 

T7 
O

O

N
H

N

S

O

O

OH

O

O

O

H

 

35.110 34.421 ++ ++ 15.943 

T8 
O

O

N
H

N

S

O

O

OH

O

NH
O

 

0.055 0.098 +++ +++ 17.109 

T9 
O

O

N
H

N

S

O

O

OH

O

O

S

N

 

0.590 0.015 +++ +++ 18.925 

T10 
O

O

N
H

N

S

O

O

OH

H
N

S

N

O

F

F

F

 

9.130 8.782 ++ ++ 19.158 

T11 
O

O

N
H

N

S

O

O

OH

S

N

O

 

0.303 0.026 +++ +++ 18.688 

T12 
O

O

N
H

N

S

O

O

OH

H
NO

S

N

O

 

0.230 0.722 +++ +++ 17.244 

T13 O

O

N
H

N

S

O

O

OH

S

N

O O

 

1.392 2.049 ++ ++ 16.791 
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T14 O

O

N
H

N

S

O

O

OH

S

N

N

HN

O

 

0.005 0.038 +++ +++ 18.523 

T15 O

O

N
H

N

S

O

O

OH

S

N

N

O

O

 

0.005 0.088 +++ +++ 15.470 

T16 
O

O

N
H

N

S

O

O

OH

S

N

O

O

H

 

121.500 127.165 + + 17.668 

T17 
O

O

N
H

N

S

O

O

OH

S

N

H
N

O

 

0.003 0.096 +++ +++ 16.259 

T18 O

O

N
H

N

S

O

O

OH

O

O

O

 

17.240 15.862 ++ ++ 15.547 

T19 O

O

N
H

N

S

O

O

OH

O

O

 

6.800 3.537 ++ ++ 16.553 

T20 O

O

N
H

N

S

O

O

OH

O

H
NO

O

 

2.955 3.408 ++ ++ 15.426 

T21 O

O

N
H

N

S

O

O

OH

O

O

O

 

0.406 0.992 +++ +++ 15.722 

T22 O

O

N
H

N

S

O

O

OH

O

N
HN

O

 

0.398 0.570 +++ +++ 15.730 

T23 O

O

N
H

N

S

O

O

OH

O

N
O

O

 

0.008 4.496 +++ ++ 16.449 

T24 O

O

N
H

N

S

O

O

OH

O

H
N

O

 

0.624 1.030 +++ +++ 17.089 

T25 O

O

N
H

N

S

O

O

OH

O

O

S

N

 

11.390 11.387 ++ ++ 16.960 

T26 O

O

N
H

N

S

O

O

OH

H
N

S

N

O

F

F

F

 

19.670 20.406 ++ ++ 18.494 

T27 O

O

N
H

N

S

O

O

OH

H
N

S

N

O

Cl

Cl

 

0.001 0.022 +++ +++ 17.755 
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T28 O

O

N
H

N

S

O

O

OH

H
NO

S

N

O

 

1.290 1.135 ++ ++ 17.047 

T29 O

O

N

H

N

S

O

O

OH

S

N

O O

 

3.345 2.920 ++ ++ 17.808 

T30 O

O

N
H

N

S

O

O

OH

S

N

N
HN

O

 

0.398 0.314 +++ +++ 17.605 

T31 O

O

N

H

N

S

O

O

OH

S

N

N
O

O

 

0.017 0.095 +++ +++ 18.123 

T32 O

O

N
H

N

S

O

O

OH

S

N

O

O

H

 

42.110 37.098 ++ ++ 16.251 

T33 O

O

N

H

N

S

O

O

OH

S

N

H

N

O

 

0.027 0.019 +++ +++ 16.761 

T34 
N

O

O

O

N
H

N

S

O

O

OH

O

F

F

 

0.066 0.034 +++ +++ 13.576 

T35 
N

O

O

O

N
H

N

S

O

O

OH

O

O

 

0.004 0.008 +++ +++ 15.614 

T36 
N

O

O

O

N
H

N

S

O

O

OH

O

O

 

0.045 0.096 +++ +++ 13.799 

T37 
N

O

O

O

N
H

N

S

O

O

OH

NH2

 

0.530 1.197 +++ ++ 17.024 

T38 
N

O

O

O

N
H

N

S

O

O

OH

NH2

F

 

0.170 0.142 +++ +++ 13.951 

T39 
N

O

O

O

N
H

N

S

O

O

OH

NH2

F

F

F

 

0.042 0.083 +++ +++ 17.184 

T40 
N

O

O

O

N
H

N

S

O

O

OH

NH2O

 

0.320 0.300 +++ +++ 15.375 

T41 
N

O

O

O

N
H

N

S

O

O

OH

O

O

F

 

0.107 0.135 +++ +++ 14.972 

T42 
N

O

O

O

N
H

N

S

O

O

OH

O

O

F

F

 

0.085 0.285 +++ +++ 17.646 
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T43 
N

O

O

O

N
H

N

S

O

O

OH

O

OO

 

0.006 0.054 +++ +++ 17.367 

T44 
N

O

O

O

N
H

N

S

O

O

OH

O

F

 

0.070 0.044 +++ +++ 13.463 

T45 
N

O

O

O

N
H

N

S

O

O

OH

O

F

F

 

0.343 0.379 +++ +++ 14.888 

T46 
N

O

O

O

N
H

N

S

O

O

OH

OO

 

0.133 0.161 +++ +++ 16.895 

T47 
N

O

O

O

N
H

N

S

O

O

OH

O

O

 

0.080 0.044 +++ +++ 14.463 

T48 
N

O

O

O

N
H

N

S

O

O

OH

O

F F

F

F

F

F

 

10.000 9.380 ++ ++ 14.760 

T49 
N

O

O

O

N
H

N

S

O

O

OH

O

F F

F

 

3.800 3.316 ++ ++ 14.581 

T50 
N

O

O

O

N
H

N

S

O

O

OH

O

F F

F

O

 

0.840 0.710 +++ +++ 14.986 

T51 
N

O

O

O

N
H

N

S

O

O

OH

O

F

 

0.257 0.284 +++ +++ 16.649 

T52 
N

O

O

O

N
H

N

S

O

O

OH

O

F

F

 

0.580 0.590 +++ +++ 17.331 

T53 
N

O

O

O

N
H

N

S

O

O

OH

O

O

 

0.800 0.559 +++ +++ 15.039 

T54 
N

O

O

O

N
H

N

S

O

O

OH

O

S

O

 

29.500 22.674 ++ ++ 14.746 

T55 
N

O

O

O

N
H

N

S

O

O

OH S

F F

F

 

170.200 123.162 + + 15.011 

T56 
N

O

O

O

N
H

N

S

O

O

OH S

F F

F

F

 

160.200 145.896 + + 14.711 

T57 
N

O

O

O

N
H

N

S

O

O

OH O

O

 

42.000 34.417 ++ ++ 14.566 

T58 
N

O

O

O

N
H

N

S

O

O

OH O

O

F

 

150.000 141.919 + + 15.189 
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T59 
N

O

O

O

N
H

N

S

O

O

OH

O

O

 

0.206 0.838 +++ +++ 16.649 

T60 
N

O

O

O

N
H

N

S

O

O

OH

S

N

 

0.033 0.073 +++ +++ 16.864 

T61 
N

O

O

O

N
H

N

S

O

O

OH

OH

 

0.252 0.164 +++ +++ 13.887 

T62 
N

O

O

O

N
H

N

S

O

O

OH

O

OH

 

5.650 7.241 ++ ++ 15.736 

T63 
N

O

O

O

N
H

N

S

O

O

OH

O

OH

O

 

1.470 1.290 ++ ++ 16.991 

T64 
N

O

O

O

N
H

N

S

O

O

OH

NH2

F

F

F

 

0.136 0.124 +++ +++ 13.140 

T65 
N

O

O

O

N
H

N

S

O

O

OH

O

F

F

F

 

0.086 0.024 +++ +++ 16.592 

T66 
N

O

O

O

N
H

N

S

O

O

OH

O

F

F

F

O

 

0.142 0.192 +++ +++ 17.105 

T67 
N

O

O

O

N
H

N

S

O

O

OH

N

F

F

F

S

 

0.097 0.095 +++ +++ 17.123 

T68 
N

O

O

O

N
H

N

S

O

O

OH

F

F

F

OH

 

0.235 0.100 +++ +++ 14.101 

T69 
N

O

O

O

N
H

N

S

O

O

OH

F

NH2

F

 

0.385 0.255 +++ +++ 16.749 

T70 
N

O

O

O

N
H

N

S

O

O

OH

F

O

F

 

0.063 0.017 +++ +++ 13.883 

T71 
N

O

O

O

N
H

N

S

O

O

OH

F

F

OH

 

0.212 0.186 +++ +++ 13.833 

T72 
N

O

O

O

N
H

N

S

O

O

OH

NH2

F

 

0.448 0.189 +++ +++ 16.139 

T73 
N

O

O

O

N
H

N

S

O

O

OH

O

F

 

0.128 0.291 +++ +++ 13.638 

T74 
N

O

O

O

N
H

N

S

O

O

OH

O

F

O

 

0.167 0.679 +++ +++ 15.270 

T75 
N

O

O

O

N
H

N

S

O

O

OH

F

OH

 

0.207 1.521 +++ ++ 16.920 
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T76 
N

O

O

O

N
H

N

S

O

O

OH

N

S

O

 

0.073 0.457 +++ +++ 17.442 

T77 
N

O

O

O

N
H

N

S

O

O

OH

O

OH

 

0.317 0.411 +++ +++ 14.488 

T78 
N

O

O

O

N
H

N

S

O

O

OH

N

F

S

 

0.080 0.603 +++ +++ 16.037 

T79 
N

O

O

O

N
H

N

S

O

O

OH

N

F

S

F

 

0.232 0.154 +++ +++ 14.916 

T80 
N

O

O

O

N
H

N

S

O

O

OH

F

F

OH

 

0.330 0.786 +++ +++ 14.069 

T81 
N

O

O

O

N
H

N

S

O

O

OH

N

F

F

F

S

 

0.016 0.021 +++ +++ 17.017 

T82 
N

O

O

O

N
H

N

S

O

O

OH

OH

F

F

F

 

0.196 0.356 +++ +++ 14.551 

T83 
N

O

O

O

N
H

N

S

O

O

OH

NH2

F

F

F

O

 

0.225 0.228 +++ +++ 13.744 

T84 
N

O

O

O

N
H

N

S

O

O

OH

OF

F

F

O

 

0.130 0.446 +++ +++ 16.942 

T85 
N

O

O

O

N
H

N

S

O

O

OH

NF

F

F

S

O

 

0.026 0.036 +++ +++ 15.772 

T86 
N

O

O

O

N
H

N

S

O

O

OH

O

S

N

 

0.286 0.135 +++ +++ 15.068 

T87 
N

O

O

O

N
H

N

S

O

O

OH

OH

O

 

0.236 0.440 +++ +++ 14.148 

T88 
N

O

O

O

N
H

N

S

O

O

OH

S
O

O

O

 

0.049 0.044 +++ +++ 16.943 

T89 
N

O

O

O

N
H

N

S

O

O

OH

S

O

S

N

O

 

0.003 0.007 +++ +++ 15.364 

T90 
O2N

N

O

O

O

N
H

N

S

O

O

OH

O

 

0.136 0.318 +++ +++ 16.467 

T91 
O2N

N

O

O

O

N
H

N

S

O

O

OH

O

O

 

0.117 0.187 +++ +++ 16.643 

T92 
O2N

N

O

O

O

N
H

N

S

O

O

OH

N

S

 

0.015 0.035 +++ +++ 16.151 



29 
 

T93 
N

O

O

O

N
H

N

S

O

O

OH

H2N

O

 

0.020 0.067 +++ +++ 16.217 

T94 
N

O

O

O

N
H

N

S

O

O

OH

H2N

O

O

 

0.113 1.237 +++ ++ 17.009 

T95 
N

O

O

O

N
H

N

S

O

O

OH

NH

O
O

O

 

0.051 0.021 +++ +++ 15.368 

T96 
N

O

O

O

N
H

N

S

O

O

OH

NH

N

O
S

 

0.006 0.001 +++ +++ 16.499 

T97 
N

O

O

O

N
H

N

S

O

O

OH

NH

O

O

O

 

0.163 0.147 +++ +++ 11.933 

T98 
N

O

O

O

N
H

N

S

O

O

OH

NH

O

O

O

O

 

0.289 0.774 +++ +++ 14.784 

T99 
N

O

O

O

N
H

N

S

O

O

OH

NH

N

O

O

S

 

0.026 0.790 +++ +++ 16.422 

 

 


