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Abstract 

Mycobacterium tuberculosis is responsible for TB. DprE1 (Decaprenyl Phosphoryl Ribose 2’- 
Epimerase) is the most challenging target for development of novel anti-tubercular agents because it is 
a small protein and located into cytoplasmic membrane. So, novel anti-TB drugs did not bound 
effectively with it. DprE1 induces the oxidative conversion of the Decaprenyl Phosphoryl Ribose (2’-
OH group of DPR) to give Decaprenyl Phosphoryl Ketoribose (2’-C=O group of DPX). 
Benzothiazinone is the most potent Pharmacophore as DprE1 inhibitors. BTZ043, BTZ038, PBTZ169 
and TMC-207 (Bedaquiline) are clinical trial drugs as DprE1 inhibitors. The aim and objective is to 
develop novel Benzothiazinone derivatives by performing Pharmacophore mapping, 3D QSAR, docking 
and ADME prediction studies. Pharmacophore mapping of Pyrazolopyridine, Dinitrobenzamide, and 
Benzothiazinone derivatives gives information about essential features required for producing a 
biological response. Benzothiazinone (Ligand code: 73) has the essential features with the Fitness score 
for active ligands- 3.000 and as a Reference Ligand. (Pharmacophore Hypothesis: AHHRR_1). It is 
validated by ROC (Receiver Operating Characteristics) value as 0.71 which indicates perfect 
performance of Pharmacophore mapping. Benzothiazinone congeneric series are required for building 
3D QSAR model. The validation criteria of 3D QSAR Model- Standard Deviation is 0.1531, R2 value is 
0.9754, R2 CV (Cross Validation) value is 0.2118, R2 Scramble value is 0.9500, Stability value is 0.261, 
F value (Variance) is 205.0 (For Training set), P value (Probability value) is 1.58e-23, Q2 value is 
0.7632 and Pearson-r value is 0.8939 (For Test set). PBTZ129 is the Reference Molecule (MIC value- 
0.00019 µM). SAR was generated by contour maps analysis. Novel Benzothiazinone derivatives 
designed according to contour maps and their biological activities were predicted. Docking scores 
(PDB ID- 4NCR) are good and amino acid interactions of novel Benzothiazinone derivatives are 
matched with in-built ligand 26J. Docking validation was also performed by comparing RMSD values 
of superimposed atoms of co-crystal ligand and its conformer. These novel molecules can be proposed 
for synthesis and biological evaluation. 
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INTRODUCTION 

Tuberculosis (TB) is an infection caused by 
Mycobacterium tuberculosis, which primarily 
affects the lungs but can affect other parts of the 
body. According to the World Health Organization 
(WHO), tuberculosis is one of the top 10 causes of 
death worldwide [1]. The emergence of multidrug-
resistant (MDR) and extensively drug-resistant 
(XDR) strains of Mycobacterium tuberculosis poses 
significant challenges to the treatment of 
tuberculosis [2].  
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A promising target for the development of new anti-tuberculosis drugs is Decaprenyl phosphoryl-β-
D-ribose-2'-epimerase (DprE1), an enzyme involved in the biosynthesis of the cell wall of 
Mycobacterium tuberculosis. [3]. Inhibition of DprE1 has been shown to have potent bactericidal 
activity against both drug-sensitive and drug-resistant strains of M. tuberculosis [4]. Several DprE1 
inhibitors are currently in clinical development and their efficacy and safety are being evaluated in 
clinical trials (Figure 1) [5].  
 

 
Figure 1. Different pharmacophore containing clinical trial drugs as DprE1 inhibitors. 
 

Several studies have reported on the design and synthesis of small-molecule inhibitors aimed at 
targeting DprE1, interfering with the biosynthesis of key mycobacterial cell wall components 
(Arabinan) and inhibiting the growth of Mycobacterium tuberculosis. [6]. These inhibitors typically 
bind to the active site of DprE1, disrupt its enzymatic activity, and inhibit cell wall formation [7]. The 
discovery and development of DprE1 inhibitors has been driven by a combination of structure-based 
design, high-throughput screening, and medicinal chemistry optimization [8]. By taking advantage of 
the 3D structure of DprE1 and applying computational modeling techniques, researchers were able to 
design and optimize molecules with improved target efficacy and selectivity [9].  
 

Benzothiazinones (BTZs) are a class of compounds widely studied as potential inhibitors of DprE1, 
a key enzyme involved in mycobacterial cell wall biosynthesis [10]. BTZ has been shown to covalently 
modify DprE1, inhibiting the synthesis of essential cell wall components and causing bacterial cell 
death [11]. Studies have shown that BTZ exhibits potency or potent inhibitory activity against both 
drug-sensitive and drug-resistant strains of M. tuberculosis, making it a promising candidate for the 
development of new TB drugs [12]. In addition, BTZ was found to have excellent pharmacokinetic 
properties, high oral bioavailability and a long half-life [13]. Several BTZ derivatives have been 
synthesized and tested for anti-TB activity. Bedaquiline, a BTZ derivative approved by the US FDA in 
2012, has shown significant efficacy against drug-resistant tuberculosis and is currently used to treat 
multidrug-resistant tuberculosis [14]. Other His BTZ derivatives such as PBTZ169, BTZ043 and 
BTZ038 have also shown potent anti-tuberculosis activity and are currently in various stages of 
preclinical and clinical development (Figure 2) [15]. 
 

Pharmacophore mapping is a powerful computational technique for identifying and optimizing small 
molecules that bind to specific targets of interest [16]. This approach involves the identification of key 
chemical features such as hydrogen bond acceptors, donors, aromatic rings, and hydrophobic regions 
essential for interactions between ligands and target receptors [17]. Pharmacophore mapping is widely 
used in drug discovery for various therapeutic targets such as kinases, G protein-coupled receptors, ion 
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channels and enzymes [18]. This technique enables efficient screening of large chemical databases to 
identify potential lead compounds with desired pharmacological properties [19]. Recent advances in 
computational chemistry and high-performance computing have enabled the development of more 
sophisticated pharmacophore mapping methods such as ligand- and structure-based approaches [20]. 
Ligand-based pharmacophore mapping uses the structural information of the known ligand to identify 
essential features, whereas structure-based pharmacophore mapping uses the crystal structure of the 
target protein to identify essential features for binding sites [21]. Additionally, Pharmacophore mapping 
combined with other computational techniques such as molecular docking to further refine and optimize 
the identified leads [22]. This integrated approach has been successfully applied to discover new 
inhibitors against various therapeutic targets [23]. Three-dimensional quantitative structure-activity 
relationships (3D QSAR) is a computational approach for developing mathematical models that relate 
the biological activity of various compounds to their three-dimensional structure [24]. This approach 
involves aligning a set of ligands, computing molecular descriptors representing the three-dimensional 
structure of the ligands, and developing statistical models that relate these descriptors to the biological 
activity of the ligands [25]. 3D-QSAR is widely used in drug discovery to identify key structural 
features that contribute to the biological activity of various compounds [26]. This approach enables the 
identification of lead compounds with optimized pharmacological properties by predicting the activity 
of new compounds based on their three-dimensional structure [27]. Recent advances in computational 
chemistry and machine learning have enabled the development of more advanced 3D QSAR methods 
such as CoMFA (comparative molecular field analysis) and CoMSIA (comparative molecular similarity 
index analysis) [28]. These methods allow the creation of three-dimensional maps representing the 
steric and electrostatic interactions between ligands and target receptors [29]. Additionally, 3D-QSAR 
combined with other computational techniques such as molecular docking to further refine and optimize 
the identified leads [30]. This integrated approach has been successfully applied to discover new 
inhibitors against various therapeutic targets [31]. 
 

 
Figure 2. Bedaquiline and Benzothiazinone containing clinical trial drugs as DprE1 inhibitors.  
 

Molecular docking is a computational technique used to predict binding modes and affinities between 
small molecule ligands and target proteins or receptors [32]. This approach involves examining different 
conformations and orientations of the ligand within the binding site of the protein with the aim of 
identifying the most energetically favorable posture and estimating the strength of the ligand-receptor 
interaction [33]. Molecular docking plays an important role in drug discovery, enabling the screening 
of large chemical libraries to identify potential lead compounds that may bind target proteins with high 



 

 

Pharmacophore Mapping, 3D QSAR, Docking                                                                                     Shaikh et al. 

 

 

© STM Journals 2024. All Rights Reserved 62  
 

affinity and specificity [34]. By predicting binding affinities and interaction patterns, molecular docking 
provides valuable insight into structure-activity relationships and aids in lead optimization [35]. Various 
docking algorithms and scoring functions have been developed to simulate ligand-receptor interactions 
and rank the binding affinities of different ligands [36]. These methods use knowledge of the structure 
of the target protein and the physicochemical properties of the ligand to generate a model that accurately 
represents the ligand-protein complex [37]. Additionally, molecular docking is used in virtual screening 
campaigns to prioritize and select potential drug candidates from large chemical databases, facilitating 
the identification of new hits and leads for further experimental evaluation. [38]. It is also useful for 
investigating ligand-target interactions and elucidating structure-activity relationships. This helps in the 
rational design of new and improved drugs [39].  

 
Calculation of ADME properties is an important aspect of drug research and development aimed at 

evaluating the absorption, distribution, metabolism, and excretion properties of potential drug 
candidates [40]. This computational approach plays a central role in predicting the pharmacokinetic 
profile and safety of compounds and facilitating the selection of lead molecules with favorable ADME 
properties [41]. Calculation of ADME properties involves estimation of various parameters such as 
lipophilicity, solubility, permeability, metabolic stability and plasma protein binding [42]. These 
properties reveal how the drug candidate interacts with biological systems and how it is expected to 
behave in vivo [43]. Computer models and algorithms have been developed to predict ADME properties 
based on the chemical structure of the compound. These methods use machine learning techniques, 
quantitative structure-activity relationship models (QSAR), and physicochemical descriptors to relate 
the structure of a compound to its ADME properties [44]. Accurate prediction of ADME properties is 
essential for lead optimization. By identifying compounds with optimal drug-like properties, such as 
excellent oral bioavailability, low toxicity, and favorable pharmacokinetic profiles, computational 
assessment of ADME properties can reduce the time and cost of experimental screening. [45]. 
Additionally, the inclusion of ADME characterization calculations in the early stages of drug discovery 
enables the identification and elimination of compounds with undesirable properties, reducing the 
potential for costly mistakes in later stages of development [46]. 

 
MATERIALS AND METHODS 

The various softwares such as “Schrodinger (v-11.5 2018-1)”, “AutoDock Tools (v-1.5.7)” and 
“BIOVIA Discovery Studio Visualizer 2021” were utilized to perform in silico studies. 

 
Pharmacophore Mapping 

Data Set 

Selected data set of 50 molecules for pharmacophore mapping included different pharmacophores 
such as Pyrazolopyridine, Dinitrobenzamide and Benzothiazinone and its derivatives with their MIC 
values ranging between 0.62-0.0001 µM and pMIC values (-log10[MIC]) ranging from 9.2-13.0 from 
literature (Supplementary material) [47]. 

 
Energy minimization was performed by “LigPrep” wizard and “OPLS3e” (Optimum Potential for 

Liquid Simulation) technique. 
 
Ligand Alignment 

All molecules were aligned by “Flexible ligand alignment” technique (Figure 3). 
 
Pharmacophore Hypothesis and Its Validation 

Pharmacophore hypothesis was generated by “Schrodinger (v-11.5 2018-1)”. Active and inactive 
molecules were defined and generated “Excluded Volume” for inactive regions. Multiple hypothesis 
was generated from that “AHHRR_1” hypothesis selected on the basis of “Phase hypothesis score”.  
 

Pharmacophore hypothesis was validated by “Fitness score (>2.000)” and “ROC” (Receiver 
Operating Characteristics) value (1.00).  
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Figure 3. Ligand alignment for data set of pharmacophore mapping.  
 

3D QSAR 

Data Set 

Selected data set of 50 molecules for 3D QSAR included congeneric series of Benzothiazinone 
derivatives with their MIC values ranging between 0.941-0.00019 µM and pMIC values (-log10[MIC]) 
ranging from 8.7-12.7 from literature. (Supplementary material) [48-55]. Energy minimization was 
performed by “LigPrep” wizard and “OPLS3e” technique. 
 
Ligand Alignment 

 “Flexible ligand alignment” technique was utilized for alignment of all molecules (Figure 4) . 
 
3D QSAR Model and Its Validation 

3D QSAR model (Gaussian model) was built by “Schrodinger (v-11.5 2018-1)” via “Field-based 
QSAR” technique. Training set 70% applied and 6 PLS (Partial Least Square) factor was taken. 3D 
QSAR model was validated by fulfillment of validation criteria for training and tes t set. 
 
Validation criteria for training and test set: 

• SD (Standard Deviation) value must be lowest, R2 (Regression correlation coefficient) value 
must be highest, R2 CV (Cross Validation) value must be positive, R2 scramble (Shuffle) value 
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must be less than R2 value, Stability value must be positive, F value (Variance) must be highest 
and P value (Probability value) must be lowest. [ Phase User Manual 2018-1] 

• RMSE (Root Mean Standard Error) value must be lowest, Q2 (Cross validation correlation 
coefficient) value must be highest and Pearson-r value must be highest. [ Phase User Manual 
2018-1] 

 

 
Figure 4. Ligand alignment for data set of 3D QSAR. 
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Predicted Activities of Novel Benzothiazinone Derivatives 

“Schrodinger (v-11.5 2018-1)” was utilized to predict the biological activities of novel 
Benzothiazinone derivatives.  
 
Contour Maps Analysis 

Contour maps for Gaussian steric, Gaussian electrostatic, Gaussian hydrophobic, Gaussian H-bond 
acceptor and Gaussian H-bond donor were generated by “Schrodinger (v-11.5 2018-1)” via “QSAR 
visualization” technique. 
 
Docking of Novel Benzothiazinone Derivatives 

“AutoDock Tools (v-1.5.7)” was utilized to perform docking.  
 
Protein Preparation and Grid Generation 

Protein (PDB ID: 4NCR) was downloaded from “PDB (Protein Data Bank)” and prepared via 
removal of water molecules and heta-atoms, addition of polar hydrogens by “BIOVIA Discovery Studio 
Visualizer 2021”.  

 
Grid was generated via “Define and edit binding site – From current selection” by “BIOVIA 

Discovery Studio Visualizer 2021” (Grid parameters: X- 17.194675, Y--20.859668 and Z-1.758869) 
after in-built ligand selection. Protein was saved as .pdb format and converted into .pdbqt format by 
“AutoDock Tools (v-1.5.7)”. 

 
Ligand Preparation 

For in-built ligand, it was removed from grid box and pasted into new window and saved as .pdb 
format. It was converted into .pdbqt format by “AutoDock Tools (v-1.5.7)”. For sketched ligand, energy 
was minimized, saved as .pdb format and converted into .pdbqt format by “AutoDock Tools (v-1.5.7)”. 

 
Docking Validation 

Docking validation was performed by superimposition of atoms of co-crystal ligand and its 
conformer 3. RMSD value of co-crystal ligand and its conformer 3 was less than 2.00 Aᵒ. 
 
Analyzing Docking Scores, Amino Acid Interactions and ADME Properties Calculation 

Docking scores were obtained for particular poses, from that first pose was taken for scoring analysis. 
Log and output files were generated. “BIOVIA Discovery Studio Visualizer 2021” was utilized for 
analyzing amino acid interactions. 

 
“Schrodinger (v-11.5 2018-1) – QikProp technique” was utilized for calculation of ADME properties 

of novel Benzothiazinone derivatives. 
 
EXPERIMENTAL 

Pharmacophore Mapping 

Data set of 50 molecules included Pyrazolopyridine, DInitrobenzamide and Benzothiazinone 
derivatives with their MIC (µM) and pMIC values. The MIC values (µM) were converted to pMIC 
values by following formula: 

pMIC = -log10[MIC] 

Multiple hypothesis generated after preparing and minimizing energies of all molecules. From that 
AHHRR_1 hypothesis selected on the basis of “Phase Hypothesis score” that was 1.1 (Supplementary 
material). Pharmacophore hypothesis was validated by Fitness score (>2.0) and ROC value (1.0).  
 

ROC (Receiver Operating characteristics) curve created by plotting true positive rate (TPR) against 
false positive rate (FPR). True positive rate indicated correctly identified active ligands. False positive 
rate indicated incorrectly identified inactive compounds (Figure 5). 
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Figure 5. ROC plot (TPR against FPR ratio.  
 
3D QSAR 

Data set of 50 molecules included congeneric series of Benzothiazinone derivatives with their MIC 
(µM) and pMIC values. The MIC values (µM) were converted to pMIC values by following formula: 

pMIC = -log10[MIC] 

3D QSAR model was built by “Field-based 3D QSAR” technique and by applying 70 % training set 
randomly and 6 PLS factor. Grid spacing set as 1.00 Aᵒ and “Leave one out” value set as 1. Six 3D 
QSAR model built from that one statistically significant model was chosen that is model 6.  

 
Scatter plots for training set by applying PLS factor 3, 4, 5 and 6 were compared with each other. 

From that scatter plots (PLS factor-6) of training set were selected according to highest R2 values 
0.8497, 0.8875, 0.9349 and 0.9754 respectively (Figure 6). 

 
Contour maps were generated by “QSAR visualization” technique. PBTZ129 which had highest 

pMIC value 12.721 was selected as “Reference molecule” (Supplementary material). According to 
Contour maps, SAR was built for designing novel Benzothiazinone derivatives. 

 

Biological activities of novel Benzothiazinone derivatives were predicted by contour map generation 
and molecular descriptors calculation. 

 
Docking 

Docking of novel Benzothiazinone derivatives was performed and scoring analysis was done. All 
molecules were bound to particular binding modes of a protein with minimized energies. Docking 
validation was performed by comparing RMSD value of in-built ligand and its conformer 3. 

RMSD= √(X-X̅)2 / (n-1) 

Where X= Each observational value, X̅= Mean value, n= No. of total observational values 
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Figure 6. Scatter plots for training set (a)PLS factor-3, (b) PLS factor-4, (c) PLS f actor-5 and 
(d) PLS factor-6. 
 
ADME Prediction 

ADME properties were calculated following the “Lipinski Rule of 5”. Log P (Partition coefficient) 
value must be < 5. It was calculated by concentration of drug in organic solvent divided by concentration 
of drug in aqueous solvent. Molecular weight must be < 500 gm/mole. It was calculated by weight of 
compound divided by no. of moles. No. of rotatable bond must be < 10. H-bond donor must be < 5. H-
bond acceptor must be < 10. 

 
RESULT 

Pharmacophore Mapping 
Benzothiazinone has essential features aligned with Pharmacophore Hypothesis (AHHRR_1) to 

evoke the biological response. Pharmacophore hypothesis “AHHRR_1” has essential features such as 
H4 (-CF3) and H6 (Piperazine) indicate hydrophobic features shown by Green color. R8 and R7 
(Benzothiazinone) indicate heteroaromatic ring features shown by orange color and A2 (-C=O) 
indicates H-bond acceptor feature shown by Red color. Distance between H4 and A2 is 5.10 A .o 
Distance between H6 and A2 is 4.95 Aᵒ. Distance between H4 and H6 is 9.51 Aᵒ. Distance between H4 
and R8 is 4.72 Aᵒ. Distance between H6 and R8 is 5.81 Aᵒ (Figure 7). 

(d) (c) 

(b) (a) 
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There are 29 molecules out of 35 molecules are active (according to pMIC values- >11.0) which are 

aligned with Pharmacophore Hypothesis AHHRR_1 (Figure 8). 
 
There are 6 molecules out of 35 molecules are inactive (according to pMIC values- <9.0) which are 

aligned with Pharmacophore Hypothesis AHHRR_1 (Figure 9). 
 
Fitness score 3.000 indicates “Reference ligand” (Code: 73) (Figure 10) (Supplementary material) 

 
ROC (Receiver Operating Characteristics) value of AHHRR_1 is 0.71 that indicates perfect 

performance of “Pharmacophore mapping” (Supplementary material).  

 

 
Figure 7. Pharmacophore hypothesis (AHHRR_1). 

 

 
Figure 8. Active molecules aligned with AHHRR_1. 

 

 
Figure 9. Inactive molecules aligned with AHHRR_1. 
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Figure 10. Reference ligand (Code: 73). 
 
3D QSAR model 

PBTZ129 (Test set) is the “Reference Molecule” according to MIC value 0.00019 µM. Its Actual 
activity is 12.721 and predicted activity is 11.975. (PLS factor- 6) (Supplementary material) 

 
3D QSAR model is generated by applying steric and electrostatic field to grid box at each grid points 

at which the training set (70%) and the test set (30%) molecules are placed and probe atom is placed at 
particular distance from molecules. 

 

This 3D QSAR model is the Gaussian (CoMSIA- Comparative Molecular Similarity Indices 
Analysis) model which gives information about steric, electrostatic, hydrophobic, H-bond acceptor and 
H-bond donor contours and different Gaussian field contributions.  

 
3D QSAR model is built by taking 6 PLS (Partial least square) factor (Table 1). 

 
For Training Set 

Standard Deviation is lowest. (SD- 0.1531), R2 (Regression Coefficient) is highest. (R2 - 0.9754), R2 
CV (Cross validation) value is positive. It is also known as “Leave One Out” value. (R2 CV- 0.2118), 
R2 Scramble (Shuffle or Random) value is less than as R2 value. (R2 Scramble- 0.9500), Stability value 
first increases 3-fold and then decreases. It is Positive. (Stability- 0.261), F value (Variance) is highest.  

 
(F- 205.0) and P value (Probability value) is lowest. (P- 1.58e-23) 

 
For Test Set 

RMSE (Root Mean Square Standard Error) is lowest. (RMSE- 0.64), Q2 value is highest. (Q2- 0.7632) 
and Pearson r value is highest. (Pearson r- 0.8939). 
 

Scatter plot for training set was a straight line including multiple points of data set molecules, while 
scatter plot for test set had fewer points of data set molecules on a straight line (PLS factor-6)  
(Figure 11).  
 

PBTZ129 molecule is selected as Reference Molecule as per lowest MIC value 0.00019 for 3D 
QSAR visualization (Figure 12).  
 

3D QSAR contour maps give idea about steric, electrostatic, hydrophobic, H-bond acceptor and H-
bond donor regions (Table 2). 
 
Table 1. 3D QSAR model. 

# Factors SD R^2 R^2 CV R^2 Scramble Stability F P RMSE Q^2 Pearson-r 

1 0.6123 0.5431 0.3025 0.4227 0.912 42.8 1.32E-07 0.98 0.2021 0.7431 

2 0.4359 0.7749 0.2767 0.6627 0.694 60.2 4.66E-12 0.79 0.4841 0.8322 

3 0.3613 0.8497 0.3256 0.8016 0.647 64.1 4.46E-14 0.77 0.5097 0.8525 

4 0.3173 0.8875 0.326 0.8733 0.587 65.1 3.45E-15 0.72 0.5635 0.8846 

5 0.2452 0.9349 0.2948 0.9198 0.469 91.9 5.13E-18 0.65 0.6503 0.8912 

6 0.1531 0.9754 0.2118 0.95 0.261 205 1.58E-23 0.64 0.7632 0.8939 
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Figure 11. Scatter plot for training set (a) and Scatter plot for test set (b) (PLS factor-6). 
 

Figure 12. Reference molecule (PBTZ129). 
 

 

 

(a) (b) 

(a) 

(b) 
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Figure 13. Contour map analysis (A) Steric contour, (B) Electrostatic contour, (C) Hydrophobic 
contour, (D) H- bond acceptor contour, and (E) H-bond donor contour. 

 
Table 2. Contour maps analysis. 

Gaussian field Positive color Negative color 

Steric Green Yellow 

Electrostatic Blue Red 

Hydrophobic Yellow White 

H-bond acceptor Red Magenta 

H-bond donor Purple Cyan 

 

According to contour maps (Figure 13), the presence of the electrostatic group on position C8 is 
favorable for activity, but the presence of the electrostatic group on position C6 is unfavorable for 
activity. The presence of the hydrophobic group on position C6 is favorable for activity, but the presence 
of the hydrophobic group on position C8 is unfavorable for activity. The presence of the steric group 
on position C2 is favorable for activity, but the presence of the steric group on position N1 is 
unfavorable for activity.  

(d) 

(e) 

(c) 
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The presence of the H-bond donor group, hydrophobic group, electrostatic group, and H-bond 
acceptor group on position N1 is favorable for activity. At the end of the hydrophobic chain, the 
presence of the steric group is favorable for activity, but the presence of the electrostatic group, 
hydrophobic group and H-bond acceptor group is unfavorable for activity. 

 
According to contour map analysis, SAR can be built. Nitro group is taken at position C8. 

Trifluoromethyl group is taken at position C6. Piperazine is taken at position C2. Hydrophobic chain 
containing amide group is taken at position N1. At the end of the hydrophobic chain, benzene ring is 
taken.  

 

Gaussian Steric, Gaussian Electrostatic, Gaussian Hydrophobic, Gaussian H-bond acceptor and 
Gaussian H-bond donor contribution are found as 38.5 %, 8.2 %, 26.8 %, 19.5 % and 7.1 % respectively. 
(Model 6) (Supplementary material)  

 

Predicted Activities and Docking Scores of Novel Benzothiazinone Derivatives  

Compound L5 (3-Methyl substituent) has highest docking score -11.2 and its predicted activity is 
10.78. Compound L8 (3,5-dimethyl substituent) has second highest docking score -11.1 and its 
predicted activity is 10.667. Furthermore, compound L2 (3-chloro substituent) has third highest docking 

score -10.9 and its predicted activity is 10.774 and compound L10 (3,5-difluoro substituent) has docking 
score -10.5 its predicted activity is 10.795. 

 
However, compound L6 (3,4-dinitro substituent) and L9 (3,5-dimethoxy substituent) have highest 

predicted activities 10.863 and 10.813 respectively but they have less docking scores -10.0 for both 

(Table 3). 
 
While in-built ligand (26J) and designed novel molecule have docking score -8.6 Kcal/mole and -9.5 

Kcal/mole respectively (Figure 14). 
 

Analyzing Amino Acid Interactions 

Amino acids give particular type of interaction. For in-built ligand 26J, GlyA:133 and FAD A:502 
give halogen interactions with Fluorine atoms of Trifluoromethyl group. FAD A:502 gives pi-pi stacked 
interactions with pi bonds of Benzothiazinone ring, it gives Halogen interactions with Fluorine atom of 

Trifluoromethyl group and also gives pi-donor Hydrogen bond interactions with Hydrogen atom of 
Hydroxyl group. LysA:418 gives conventional Hydrogen bond interactions with Nitrogen atom of 

Benzothiazinone ring. SerA:228, PheA:369, AsnA:385, and LysA:134 give van der Waals interactions 
with Carbon atom of Trifluoromethyl group. GlyA:117 gives van der Waals interactions with Sulfur 
atom of Benzothiazinone ring. AspA:389gives van der Waals interactions with Carbon atom of 

hydrophobic chain. LeuA:363 gives van der Waals interactions with Carbon atoms of Cyclohexane 
ring. TyrA:415 gives van der Waals interactions with Carbon atom of Ketone present in the 
Benzothiazinone ring. GlnA:336 gives van der Waals interaction with Carbon atoms of 

Benzothiazinone ring. LysA:367 gives alkyl and pi-alkyl interactions with Carbon atom of 
Trifluoromethyl group. HisA:132 gives pi-pi stacked interactions with Carbon atom of Trifluoromethyl 
group and also gives pi-donor Hydrogen bond interactions with pi-bonds of Benzene ring.  

 

Figure 14. Docking- (A) in-built ligand 26J (-8.6 Kcal/mole) and (B) designed novel molecule (-9.5 
Kcal/mole). 

(a) (b) 
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Table 3. Predicted activities and docking scores of novel Benzothiazinone derivatives.  
Serial 

No. 
Structures Predicted Activity (PLS 

Factor- 6) 
Docking scores 

(Kcal/mole) 

L1 

 

10.102 -10.4 

L2 

 

10.774 -10.9 

L3 

 

10.785 -10.4 

L4 

 

10.135 -10.0 

L5 

 

10.78 -11.2 

L6 

 

10.863 -10.0 

L7 

 

10.675 -10.0 

L8 

 

10.667 -11.1 

L9 

 

10.813 -10.0 

L10 

 

10.795 -10.5 
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CysA:387 gives pi-donor Hydrogen bond interactions with pi-bonds of Thiazinone ring and also 

gives alkyl and pi-alkyl interactions with pi-bonds of Benzene ring. TyrA:60 gives Carbon-Hydrogen 

bond interactions with Carbon atom of Piperazine ring. ValA:365 gives alkyl and pi-alkyl interactions 

with pi-bonds of Benzothiazinone ring (Figure 15). 

 

For designed derivative L5, AspA:389, LeuA:363, and ValA:388 give halogen interactions with 
Fluorine atoms of Trifluoromethyl group. LysA:418 gives conventional Hydrogen bond interactions 

with Oxygen atom of Nitro group and Fluorine atom of Trifluoromethyl group. CysA:387 gives 

conventional Hydrogen bond interactions with Oxygen atom of Nitro group and also gives alkyl and 

pi-alkyl interactions with pi-bonds of Benzothiazinone ring and Carbon atom of Trifluoromethyl group. 

PheA:313 gives pi-pi T shaped interactions with pi bonds of Benzene ring. PheA:199 gives pi-sigma 

interactions with Carbon atom methyl group.  
 

Val:365 gives pi-sigma interactions with pi bonds of Thiazinone ring and also gives alkyl and pi-

alkyl interactions with pi-bonds of Benzene ring. LysA:134 gives alkyl and pi-alkyl interactions with 

pi-bonds of Benzene ring and Carbon atom of Methyl group. TyrA:226 gives alkyl and pi-alkyl 

interactions with Carbon atom of Methyl group. GlyA:117 gives Carbon-Hydrogen bond interactions 

with Oxygen atom of Ketone group, Carbon atom of hydrophobic chain and Carbon atom of Piperazine. 

LeuA:115, LeuA:310, TyrA:314 and ProA:116 give van der Waals interactions with Carbon atoms of 
Benzene ring. TrpA:230 gives van der Waals interactions with Carbon atoms of Piperazine ring. 

TyrA:335 and GlnA:334 give van der Waals interactions with Carbon atom of Trifluoromethyl group. 

FAD A:502 gives van der Waals interactions with Carbon atoms of Benzene ring, Carbon atoms of 

hydrophobic chain and Carbon atoms of Piperazine (Figure 16).  

 

 
Figure 15. Amino acid interactions of in-built ligand. 
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Figure 16. Amino acid interactions of compound L5. 
 

For designed derivative L8, AspA:389, LeuA:363, and ValA:388 give halogen interactions with 
Fluorine atoms of Trifluoromethyl group. LysA:418 gives conventional Hydrogen bond interactions 
with Oxygen atom of Nitro group and Fluorine atom of Trifluoromethyl group. GlyA:117 gives Carbon- 
Hydrogen bond interactions with Oxygen atom of Ketone group, Carbon atom of hydrophobic chain 
and Carbon atom of Piperazine. Val:365 gives pi-sigma interactions with pi bonds of Thiazinone ring 
and also gives alkyl and pi-alkyl interactions with pi-bonds of Benzene ring. PheA:313 and PheA:199 
give pi-sigma interactions with Carbon atom of C3-Methyl group. PheA:313 gives pi-pi T shaped 
interactions with pi-bonds of Benzene ring. LeuA:115 gives alkyl and pi-alkyl interactions with Carbon 
atom of C5-methyl group. TyrA:226 gives alkyl and pi-alkyl interactions with Carbon atoms of C3 and 
C5-methyl group. LysA:134 gives alkyl and pi-alkyl interactions with Carbon atoms of C3 and C5-
methyl group and also with pi-bonds of Benzene ring. CysA:387 gives alkyl and pi-alkyl interactions 
with pi-bonds of Benzothiazinone ring and Carbon atom of Trifluoromethyl group. ProA:116 gives van 
der Waals interactions with Carbon atom of Benzene ring. TyrA:314 gives van der Waals interactions 
with Carbon atom of Piperazine ring. TrpA:230 gives van der Waals interactions with Carbon atom of 
Benzothiazinone ring. GlnA:334 and TyrA:335 give van der Waals interactions with Carbon atom of 
Trifluoromethyl group. FAD A:502 gives van der Waals interactions with  Carbon atoms of 
Benzothiazinone ring (Figure 17). 

 
For designed derivative L2, AspA:389, LeuA:363, and ValA:388 give halogen interactions with 

Fluorine atoms of Trifluoromethyl group. LysA:418 gives conventional Hydrogen bond interactions 
with Oxygen atom of Nitro group and Fluorine atom of Trifluoromethyl group. CysA:387 gives 
conventional Hydrogen bond interactions with Oxygen atom of Nitro group and also gives alkyl and 
pi-alkyl interactions with pi-bonds of Benzothiazinone ring. Val:365 gives pi-sigma interactions with 
pi bonds of Thiazinone ring and also gives alkyl and pi-alkyl interactions with pi-bonds of Benzene 
ring. PheA:313 gives pi-pi T shaped interactions with pi bonds of Benzene ring. PheA:199 gives pi-
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sigma interactions with Chlorine atom. TyrA:226 gives alkyl and pi-alkyl interactions with Chlorine 
atom. LysA:134 gives alkyl and pi-alkyl interactions with Chlorine atom and pi-bonds of Benzene ring. 
GlyA:117 gives Carbon-Hydrogen bond interactions with Oxygen atom of Ketone group, Carbon atom 
of hydrophobic chain and Carbon atom of Piperazine. LeuA:115, LeuA:310 and ProA:116 give van der 
Waals interactions with Carbon atoms of Benzene ring. TyrA:314 gives van der Waals interactions with 
Carbon atoms of Piperazine ring. TrpA:230 gives van der Waals interactions with Carbon atom of 
Benzothiazinone ring. GlnA:334 and TyrA:335 give van der Waals interactions with Carbon atom of 
Trifluoromethyl group. FAD A:502 gives van der Waals interactions with Carbon atoms of Benzene 
ring, Carbon atoms of hydrophobic chain and Carbon atoms of Piperazine (Figure 18) . 

 

 
Figure 17. Amino acid interactions of compound L8. 
 

For designed derivative L10, AspA:389, LeuA:363, and ValA:388 give halogen interactions with 
Fluorine atoms of Trifluoromethyl group. LysA:418 gives conventional Hydrogen bond interactions 
with Fluorine atoms of Trifluoromethyl group. CysA:387 gives conventional Hydrogen bond 
interactions with Oxygen atom of Nitro group and also gives alkyl and pi-alkyl interactions with pi-
bonds of Benzothiazinone ring. ValA:365 gives alkyl and pi-alkyl interactions with pi-bonds of 
Benzothiazinone ring. GlyA:117 gives Carbon-Hydrogen bond interactions with Oxygen atom of 
Ketone group, Carbon atom of hydrophobic chain and Carbon atom of Piperazine. LysA:134 gives 
conventional Hydrogen bond interactions with C5-substituted Fluorine atom on benzene ring, it gives 
alkyl and pi-alkyl interactions with pi-bonds of Benzene ring and also gives van der Waals interactions 
with Oxygen atom of Ketone group. LeuA:115 gives halogen interactions with C5-substituted Fluorine 
atom on benzene ring. TyrA:314 gives pi-pi T shaped interactions with pi-bonds of benzene ring. FAD 
A:502 gives van der Waals interactions with Carbon atoms of Benzene ring, Carbon atoms of 
hydrophobic chain and Carbon atoms of Piperazine. ProA:116, LeuA:310, TrpA:111, PheA:199, 
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TyrA:226, GlyA:133, AsnA:135, and PheA:313 give van der Waals interactions with Carbon atoms of 
Benzene ring. TrpA:230 gives van der Waals interactions with Carbon atom of Benzothiazinone ring. 
GlnA:334 and TyrA:335 give van der Waals interactions with Carbon atom of Trifluoromethyl group. 
FAD A:502 gives van der Waals interactions with Carbon atoms of Benzene ring, Carbon atoms of 
hydrophobic chain and Carbon atoms of Piperazine (Figure 19). 
 

Highlighted Red color amino acids of novel designed derivatives are matched with in -built ligand 
26J and highlighted Blue color amino acids of novel designed derivatives are matched with each other.  
 
Docking Validation 

Docking validation is performed by comparing RMSD values of superimposed atoms of co-crystal 
ligand 26J and its conformer 3. RMSD value found 0.9930 Aᵒ (Figure 20). 
 
ADME Properties 

“Schrodinger (v-11.5 2018-1)-QikProp” is utilized for calculation of ADME properties follow 
“Lipinski rule of 5”. Molecular weight must be < 500 gm/mole. Rotatable bonds must be < 10. LogP 
value must be < 5. H-bond donor must be < 5. H-bond acceptor must be < 10. Lipinski violations up to 
1 or 2 are accepted, but > 2 are not accepted. 
 
DISCUSSION 

Performing pharmacophore mapping of data sets of Pyrazolopyridine, Dinitrobenzamide and 
Benzothiazinone derivatives gave information about identification of essential features which are 
required to evoke the biological response. Benzothiazinone (Ligand code: 73) had the essential features 
to evoke potential biological activity. It was validated by Fitness score: 3.000 and ROC value: 0.71.  
 

 
Figure 18. Amino acid interactions of compound L2. 
 

Performing 3D QSAR of data sets of Benzothiazinone congeneric series gave information about 3D 
QSAR model statistics (Training set- 70% and test set-30 % applied by PLS factor: 6). 3D QSAR model 
was validated by certain criterial fulfillment for training set like SD- 0.1531, R2- 0.9754, R2 CV- 0.2116, 
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R2 scramble- 0.9500, stability- 0.261, F value- 205.0 and P value- 1.58e-23 respectively and for test set 
like RMSE- 0.64, Q2- 0.7632 and Pearson r- 0.8939 respectively. It also gave idea about identification 
of contour maps for steric, electrostatic, hydrophobic, H-bond acceptor and H-bond donor regions 
(Reference molecule: PBTZ129 – MIC: 0.00019 µM). Novel Benzothiazinone derivatives were 
designed and their biological activities were predicted. Compounds L6 and L9 had high predicted 
activities 10.863 and 10.813 respectively but they both had least docking scores -10.0 Kcal/mole, while 
compounds L5, L8, L2 and L10 had moderate predicted activities 10.78, 10.667, 10.774 and 10.795 
respectively in comparison with PBTZ129 which had predicted activity 12.721.  
 

 
Figure 19. Amino acid interactions of compound L10. 
 

Table 4. Amino acid interactions of in-built ligand 26J and novel Benzothiazinone derivatives.  
Ligand 

code 

Docking score 

(Kcal/mole) 

Amino acid interactions 

26J -8.6 AsnA:385, LysA:134, GlyA:117, AspA:389, SerA:228, PheA:369, 

LysA:367, HisA:132, GlyA:133, GlnA:336, FAD A:502, 
ValA:365, CysA;387, TyrA:415, LysA:418, TyrA:60, LeuA:363. 

L5 -11.2 ProA:116, TyrA:314, GlyA:117, LeuA:310, LeuA:115, TrpA:230, 

ValA:365, LysA:134, PheA:313, TyrA:226, PheA:199, FAD 
A:502, LysA:418, CysA:387, AspA:389, LeuA:363, GlnA:334, 

ValA:388, TyrA:335. 

L8 -11.1 ProA:116, GlyA:117, TyrA:314, ValA:365, TrpA:230, LeuA:115, 

LysA:134, TyrA:226, PheA:313, PheA:199, FAD A:502, 

LysA:418, ValA:388, TyrA:335, LeuA:363, GlnA:334, AspA:389, 

CysA:387. 

L2 -10.9 ProA:116, LeuA:310, LeuA:115, GlyA:117, TyrA:314, ValA:365, 

TrpA:230, TyrA:335, LysA:134, PheA:313, TyrA:226, PheA:199, 

FAD A:502, CysA:387, LysA:418, AspA:389, LeuA:363, 

GlnA:334, ValA:388. 

L10 -10.5 LeuA:363, CysA:387, ValA:365, FAD A:502, ProA:116, 

LeuA:310, TrpA:111, PheA:199, ValA:388, TyrA:335, LysA:418, 

GlnA:334, AspA:389, TrpA:230, GlyA:117, PheA:313, LysA:134, 
AsnA:135, GlyA:133, TyrA:314, TyrA:226, LeuA:115. 
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Figure 20. Docking validation. 
 

Table 5. ADME properties of designed novel Benzothiazinone derivative.  
Ligand code No. of 

rotatable 

bonds 

Molecular 

weight 

(gm/mole) 

H-

bond 

donor 

H-bond 

acceptor 

LogP Lipinski 

Rule of 5 

Violations 

L1 5 538.457 1 10 2.267 2 

L2 4 527.905 1 9 3.403 1 

L3 4 511.45 1 9 3.173 1 

L4 5 538.457 1 10 2.181 2 

L5 4 507.486 1 9 3.21 1 

L6 6 583.455 1 11 1.675 2 

L7 4 562.35 1 9 3.885 1 

L8 4 521.513 1 9 3.522 1 

L9 6 553.512 1 10.5 3.083 2 

L10 4 529.441 1 9 3.372 1 

 

Performing docking of novel Benzothiazinone derivatives gave idea about the highest docking scores 
and matched amino acid interactions. Compounds L5, L8, L2 and L10 had docking scores -11.2, -11.1, 
-10.9 and -10.5 Kcal/mole respectively while in-built ligand (26J) had docking score -8.6 Kcal/mole. 
Docking validation was performed by comparing RMSD value of superimposed atoms of in -built ligand 
and its conformers that was found 0.9930 Aᵒ. Their pharmacokinetic properties were studied by ADME 
prediction models. Compounds L1, L4, L6 and L9 had two deviations, while rest of the compounds had 
one deviation that do not follow the Lipinski rule of 5.  

 
These novel Benzothiazinone derivatives with less deviation proposed for synthesis and biological 

evaluation as DprE1 inhibitors. 



 

 

Pharmacophore Mapping, 3D QSAR, Docking                                                                                     Shaikh et al. 

 

 

© STM Journals 2024. All Rights Reserved 80  
 

CONCLUSION 

From the above result and discussion, it can be concluded that Benzothiazinone (Ligand code: 73) is 
the most potent moiety. At the 2nd position, Piperazine with side chains, at the 4th position, ketone group, 
at the 6th position –CF3 group, and at the 8 th position, -NO2 group are essential for provoking potent 
biological response. 
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