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Abstract. TRPV1 is a promising therapeutic target given its 
involvement in pain management and inflammation. TRPV1 
antagonists are increasingly sought after for their analgesic, 
anti-inflammatory and antitumor properties with fewer side 
effects. This study focused on the design of new effective 
TRPV1 antagonists by replacing the pyridine ring of BCTC 
with a pyrimidine ring. Significant 3D-QSAR models were 
developed using CoMSIA and CoMFA methods and showed 
a satisfactory correlation between experimental and 
predicted activity (Q2 = 0.715; R2 = 0.988; SEE = 0.048). 
Electrostatic, hydrophobic fields and hydrogen bond 
acceptors contributed significantly to the biological activity 
of studied compounds as well as the importance of 
hydrophobic, electrostatic fields and H-bond acceptors on the 
antagonistic activity of the most active molecule in the series 
of compounds studied. Molecular docking analysis validated 
the 3D-QSAR models and explained the interactions of the 
most active ligands with the binding site. These results 
permitted the prediction of new compounds, whose 
pharmacokinetic properties, toxicity and pharmacodynamics 
effects were assessed using ADMET and drug similarity. 
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Resumen. El TRPV1 es un objetivo terapéutico prometedor debido a su participación en el manejo del dolor y 
la inflamación. Los antagonistas del trpv1 son cada vez más buscados por sus propiedades analgésicas, 
antiinflamatorias y antitumorales con menos efectos secundarios. Este estudio se centró en el diseño de nuevos 
antagonistas efectivos del trpv1 mediante la sustitución del anillo de piridina del bctc por un anillo de 
pirimidina. Se desarrollaron modelos 3D-QSAR significativos utilizando los métodos Comsia y Comfa, que 
mostraron una correlación satisfactoria entre la actividad experimental y la prevista (Q2 = 0.715; R2 = 0.988; 
SEE = 0.048). Los campos electrostáticos e hidrofóbicos y los aceptores de enlaces de hidrógeno contribuyeron 
significativamente a la actividad biológica de los compuestos estudiados. El análisis de acoplamiento molecular 
validó los modelos 3D-QSAR y explicó las interacciones de los ligandos más activos con el sitio de unión.  
Estos resultados permitieron predecir nuevos compuestos, cuyas propiedades farmacocinéticas, toxicidad y 
efectos farmacodinámicos se evaluaron mediante ADMET y por similitud con fármacos. 

 
 
Introduction 
 

Chronic pain has been considered to be  pain that lasts beyond the normal healing time [1] and hence 
lacks the acute warning function of physiological nociception[2].TRPV1(transient receptor potential vanilloid 
type 1) is among the various targets involved in pain transmission, it is a non-selective polymodal calcium ion 
channel [3]expressed on sensory neurons [4] .by translating and integrating stimuli through the transmission of 
calcium-based signals.TRPV1 serves as a link between the cellular response ,and the extracellular environment 
[5].TRPV1 is activated by natural vanniloids such as capsaicin[6,7], resiniferatoxin, heat (T > 43°) [8], acid 
(pH= 6; 8) [9],or endogenous stimuli like anandamide, linoleic acid and proinflammatory cytokines [10]. 
TRPV1 antagonists are also viewed as interesting analgesics [4]. Although several potent TRPV1 antagonists 
have been developed to date [11], their use has been limited due to adverse side effects such as hyperthermia 
and analgesia [12]. While there are no antagonists that haven’t been clinically tested yet, urea piperazines, 
particularly BCTC, are considered one of the leading classes of TRPV1 antagonists. However, BCTC has shown 
negative effects on TRPV1 activation [13]by capsaicin and protons but resulting in hyperthermia. Over the past 
decade, many research efforts have been devoted to the optimisation of the BCTC-based molecule, leading to 
the development of several series of analogues. Structural analyses showed that substitution of the pyridine 
group with pyrimidine moieties [14] improved the interaction with TRPV1 receptors and provided greater 
versatility in synthesis due to its lower p-electron density which impacts chemical reactivity [15]. 
 

 
Fig. 1. BCTC chemical structure. 
 
 
 

Computer-aided drug design uses computational approaches such as 3D QSAR to reduce the expense 
and time associated with the drug discovery process [16]. The bioisosteric property of pyridine in BCTC has 
provided the opportunity to improve the interaction with the TRPV1 receptor. 

Modern pharmaceutical chemistry has enabled the pharmaceutical industry to develop efficient and 
selective searches using techniques such as molecular docking [17]. This technique is used to find the optimal 
conformation of a ligand in its receptor by generating all the conformations of the receptor complex and ranking 
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them according to their binding energy stability. The pharmacokinetic properties of the predicted compounds 
were analyzed by predicting drugs similarity and the ADMET method [18]. 

In this study, the 3D quantitative structure activity relationship (QSAR), molecular docking, 
ADMET(absorption, distribution, metabolism, excretion and toxicity) were applied to a new series of N-(4-tert-
butylphenyl)-4-(3-chloropyridin-2-yl) piperazine-1-carboxamide as TRPV1 antagonists [19]. The overall 
objective is to predict new TRPV1 antagonists with high activity than the most active compound in this series. 
 
 
Experimental 

 
Biological database 

The biological database chosen for this study included 21derivatives compounds of N-(4-tert-
butylphenyl)-4-(3-chloropyridin-2-yl)piperazine-1-carboxamide extracted from the published literature and 
associated with their biological activity (IC50) [20]. The IC50 values express the concentration required to inhibit 
50% of the TRPV1 antagonist activity, were expressed as pIC50 following the relation: pIC50 = - log (IC50. 10-6). 
The database was divided into two groups: the training set with 16 molecules and the test set with 5 molecules. 
All compounds were designed and optimized using ChemOffice 3D and SYBYL.X- 2.0 [21] software. The 
chemical structures and corresponding biological data are presented in Table 1. 
 
Table. 1. Dataset of 2N-(4-tert-butylphenyl)-4-(3-chloropyridin-2-yl) piperazine-1-carboxamide derivatives 
with their corresponding experimental activity. 

R
NH

O

NN

Cl

N

N

 

Compounds  pIC50 Compounds  pIC50 

M01 
 

4,537 M11T 

 
5,123 

M02 
Br  

5,969 M12T 
H3CO  

5,026 

M03 
Br  

5,838 M13 OCH3

 
4,387 

M04 
F  

6,104 M14 
O2N  

6,068 

M05 
F

 
6,021 M15 

OCH3

OCH3

 
4,431 

M06T F

 
5,942 M16 

H3C CH3

H3C

 

4,455 

M07M 

F3C  
6,866 M17T 

Cl  
4,346 
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Compounds  pIC50 Compounds  pIC50 

M08 
CF3  

6,265 M18 
Cl

Cl

 
4,267 

M09T CF3

 
6,058 M19 

O2N Cl  
4,366 

M10T Cl

 
5,903 M20 

H3CO NO2  
4,376 

 M21 

Cl

Cl

Cl

 

4,167 

T Indicates the compounds of the test set for 3D-QSAR models. 
 
 

3D-QSAR 
Molecular alignment 

 SYBYL.X-2.0 software [21] was used to perform the calculations and optimize the structures. The 
geometries of all molecules were optimised using the conjugate gradient method with a convergence factor of 
0.001 kcal/mol Å and 5000 iterations. using the Tripos force field [22]. Atomic partial charges of the Gasteiger-
Hückel type [16,26] were used. To align the database. the "Distil Rigid" option was used, choosing the 
compound M07 as a template. Each analogue was aligned to the model by minimizing the RMSD value throught 
rotation and translation. The results of the alignment procedure are shown in Fig. 2. 
 

 
Fig. 2. Molecular alignment of compounds: (a) Alignment of training set compounds. (b) Molecular common 
core. and (c) M07: most active compound in data base. 
 
 
 
Analytic study of CoMFA and CoMSIA 

Comparative Molecular Field Analysis (CoMFA) [23] is method is used to model the biological 
activity of a molecule, which generally depends on its interaction with a given receptor [22]. The modeling of 
this activity can therefore be carried out by calculating the interactions of each molecule (ligand) with this 
receptor. and by establishing relationship between these interactions and the activity studied [24]. The 
modelling of this activity can therefore be carried out by calculating the interactions of each molecule (ligand) 
with this receptor [25], and by establishing relationship between these interactions and the activity studied. The 
energy calculation is done by putting an appropriate probe on ligand at each grid point. The electrostatic 
(Columbian) and steric (van der Waals) [26] properties are evaluated at each unit fraction and the results 

(a) (b) (c) 
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obtained are used as descriptors [27] to develop 3D QSAR model. The values of these descriptors are then 
related to biological responses using robust linear regression method such as partial least squares (PLS) [28]. 

 
Comparative Molecular Similarity Index Analysis (CoMSIA) 

The CoMSIA method includes 5 distinct similarity fields [29]. These are the steric. electrostatic, 
hydrophobic, hydrogen bond donor and hydrogen bond acceptor fields. These fields cover the major types of 
interaction involved in ligand receptor binding. This is an extension of CoMFA such that the similarity indices 
are calculated in 3D matrix comparable to CoMFA. The distance-dependent potentials between the probe and 
the molecule are modeled by Gaussian [30] function. The form of this function is different from that of classical 
potential functions and allows the calculation of similarity indices for all points in the matrix, both inside and 
outside the Van der Waals surface [26]. 
 
PLS analysis 

In order to develop a powerful QSAR model. the electrostatic and steric energies of each ligand at each 
grid point are calculated using appropriate probes. The calculated values are then used as descriptors for the 
model. A robust linear regression method. such as partial least squares (PLS) [28], is used to correlate these 
descriptors with the biological responses. The filtering of the columns was performed with energy threshold of 
30 kcal/mol. with a default value of 2.0 kcal/mol in the cross-validation. The leave-one-out cross-validation 
method is used to determine the correlation coefficient Q2 and the optimal number of components (ONC). 

 

𝑄𝑄2 = 1 − (
∑ (𝑌𝑌𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖−𝑌𝑌𝑖𝑖 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝)2𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝑖𝑖=1
∑ (𝑌𝑌𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖−𝑌𝑌� )2
𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝑖𝑖=1

) 

 
Where Y i pred and Y i obs are the observed predicted and observed values of activity. Ȳ is average value of activity 
of the training set. 

The best performing 3D QSAR model is selected using Q2 and R2 values. with criteria of Q2 > 0.5 and 
R2 > 0.6 and low standard error of estimation. In addition. external validation is performed on a test set of five 
molecules using the R2 test value, which must be greater than 0.6 to judge the predictive ability of the resulting 
QSAR model. 
 

𝑅𝑅2test= 1 − (
∑ (𝑌𝑌𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖(𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡)−𝑌𝑌𝑖𝑖 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝(𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡)2𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝑖𝑖=1

∑ (𝑌𝑌𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖(𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡)−𝑌𝑌�𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖)2𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝑖𝑖=1

) 

 
Where Y i pred and Y i obs are the observed predicted and observed values of activity the test set compounds and 
Ȳitraining indicates mean activity value of the training set. 

 
Molecular docking 

In molecular modelling, molecular docking [31,32] is a method that calculates and searches the 
preferred orientation of molecule (ligand derived from N-(4-tert-butylphenyl)-4-(3-chloropyridin-2-yl) 
piperazine-1-carboxamide) to receptor (proteins (PDB code: 5IS0)) when bound to form stable complex. The 
parameters of docking calculation [33] are: preparation ligand (position. orientation and random or precise 
conformation). the grid box size used (rectangular parallelepiped) grid box with coordinates (x= 125.93. 
y=139.947. z= 100.841 to 0.375) with number of points (x= 24, y= 42, z= 44) centred on the active site of the 
protein. and finally, registration of the best interaction between the ligand and receptor. When molecular 
docking parameters have been set, the ligand can be docked to the receptor. After the parameters of the 
molecular docking are established. the program moved to the prediction and evaluation stage.  The visualization 
of potential interaction modes was done using Discovery Studio 2017 software [34]. The redocking approach 
was used to validate the docking method by redocking the co-crystallised ligand and calculating the RMSD 
between the reference and the redocked co-crystals. The best superposition obtained is shown in Fig. 3. The 
RMSD value is 1.587 Å. indicating that the approach accurately predicted the binding affinity of the ligand. 
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Fig. 3. the Superposition of the reference ligand on protein pocket. The blue stick represents the redocked 
ligand, and the yellow stick represents the reference ligand. 

 
 

 
Results and discussion 
 
Statistical analysis of the 3D-QSAR model 

The statistical results of CoMFA and CoMSIA models are presented in Table 2. 
 
Table 2. Statistical analysis of CoMFA and CoMSIA models using PLS method. 

 CoMFA CoMSIA 

Q2 = R2 cv 0.686 0.715 

R2 0.981 0.988 

ONC 5 4 

SEE 0.115 0.048 

R2 test 0.703 0.874 

F value 238.4 701.74 

Steric 0.502 - 

Electrostatic 0.498 0.535 

Hydrophobic - 0.303 

H-B Donor - - 

H-B Acceptor - 0.162 
Q2: Cross-validated correlation coefficient  
R2: Non-cross-validated correlation coefficient; 
ONC: Optimum number of components  
SEE: Standard error of the estimate;  
R2test: External validation correlation coefficient;  
F: F-test value. 
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The statistical results of the CoMFA model were examined using partial least squares (PLS) regression. 
The cross- validation correlation coefficient (Q2=0.686>0.5) was obtained with five optimal components. 
indicating that the model is reliable in predicting pIC50 values. The invalidated PLS analysis showed high 
correlation coefficient (R2=0.981). low standard error estimate (SEE=0.115).and F value (F=238.4). The 
electrostatic field and steric field contribution were 49.8% and 50.2%. respectively. The experimental and 
predicted pIC50 values of compounds were presented in the table3. including residual values for training and 
test set. 

 
Table 3. experimental. predicted activity and residual values obtained by CoMSIA and CoMFA models. 

Compounds pIC50 CoMFA Residual CoMSIA Residual 

M01 4.537 4.571 -0.034 4.541 -0.004 

M02 5.969 6.007 -0.038 6.022 -0.053 

M03 5.838 5.765 0.073 5.765 0.073 

M04 6.104 6.166 -0.062 6.105 -0.001 

M05 6.021 5.862 0.159 6.011 0.01 

M06T 5.942 6.334 -0.392 5.679 0.263 

M07M 6.866 6.839 0.027 6.856 0.01 

M08 6.265 6.148 0.117 6.288 -0.023 

M09T 6.058 5.811 0.247 6.536 -0.478 

M10T 5.903 5.342 0.561 5.791 0.112 

M11T 5.123 5.502 -0.379 5.047 0.076 

M12T 5.026 5.111 -0.085 5.277 -0.251 

M13 4.387 4.446 -0.059 4.351 0.036 

M14 6.068 6.12 -0.052 6.073 -0.005 

M15 4.431 4.433 -0.002 4.459 -0.028 

M16 4.455 4.392 0.063 4.461 -0.006 

M17T 4.346 4.501 -0.155 4.258 0.088 

M18 4.267 4.466 -0.199 4.313 -0.046 

M19 4.366 4.291 0.075 4.356 0.01 

M20 4.376 4.258 0.118 4.377 -0.001 

M21 4.167 4.162 0.005 4.147 0.02 
T represents the test set compounds. 
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Fig. 4 shows the graph representing the values predicted by the CoMFA model as a function of the experimental 
pIC50 values. Most of the points are on the diagonal line of the graph. 
 

 
Fig. 4. Correlation graph of predicted activities versus experimental activities (CoMFA). 
 
 
 

The utilization of the CoMSIA model resulted in improved statistical parameters. The electrostatic. 
Hydrophobic, and hydrogen bond acceptor fields significantly influenced the antagonistic activity of TRPV1. 
The model yielded Q2 coefficient of 0.715 with four optimal components. an R2 correlation coefficient of 0.988. 
a low standard error estimate of 0.048. and an F value of 701.74. The contributions of the electrostatic. 
hydrophobic. and hydrogen bond acceptor fields were 0.535, 0.303, and 0.162 respectively. The predictive 
correlation coefficient of the test set had an R2test value of 0.874. The experimental and predicted values of 
pIC50 were presented in Table 2. The plot of experimental pIC50 activity compared with predicted pIC50 activity 
is shown in Fig. 5. where most points were on the diagonal. 
 

 
Fig. 5. Correlation graph of predicted activities versus experimental activities (COMSIA). 
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Interpretation of CoMSIA contours 
The contour map represented the results of the CoMFA and CoMSIA models and highlighted regions 

of 3D space where molecular fields predominate. It also helps identify areas where changes in molecular fields 
are strongly correlated to simultaneous changes with biological activity. 

In order to predict new molecules, we rely on the distribution of the molecular fields contributed to 
our model by targeting on the electrostatic field, which represents about 53 % of the total contribution. and the 
hydrophobic field, which represents 30 % while the hydrogen bond acceptor field represents 16 % of the total 
contribution. The contour map relatively specifies the favourable and unfavourable positions for the molecular 
fields, which helps us construct the SAR. 

Fig. 6 shows the molecular field contour map of the CoMFA model for the most active compound 
M07. The green contours on the map represent the electrostatic field and highlight the regions where the 
presence of the electron-donor or electro-acceptor group promotes TRPV1 antagonistic activity. It can be seen 
that the green contour is predominant in the para position of the R substituent. The hydrophobic field, on the 
other hand. is represented by yellow contours, which indicate regions where the presence of a hydrophobic 
group in the R-substituent of the substituted benzene enhances activity. While the favourable regions of the 
hydrogen bond acceptor field are represented by magenta contour, however, the cyan colour indicates e 
unfavourable regions of the presence of the hydrogen bond acceptor field. If we take for example, the most 
active molecule, M07 (pIC50=6.866). We notice the existence of CF3 group in ortho position which favours 
hydrophobic field and the hydrogen bond acceptor which can explain the high activity also of the molecules 
M08 (pIC50=6.265) and M09 (pIC50=6.058) and we see it clearly in the case of the molecule M10 (pIC50=5.903) 
with Cl group in para position. If we compare the activity of M16 (pIC50=4.455); M17 (pIC50=4.346); M18 
(pIC50=4.267); M19 (pIC50=4.366) with M21 (pIC50=4.167), in which there is the existence of hydrophobic 
groups in Ortho Meta and para position. In addition. we observe the influence of the existence of groups that 
favour the electrostatic field in para position. The table 4 lists the structures of the compounds M07 M08 M09 
M10 M16 M17 M18 M19 M21 and their biological activities. 

 
Table 4. biological activities and chemical structures.  

N

N
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N N

O
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O2N
Cl

 
M19 (pIC50=4.366) 

N

N

Cl

N N
O
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Cl
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Fig. 6. The contour maps of the CoMSIA analysis of TRPV antagonistic activity for compound M07 (a) 
electrostatic contour maps, (b) hydrophobic contour maps, and (c) contour map showing hydrogen binding 
of the acceptor. 
 
 
 
SAR summarized results 
 

 
Fig. 7. (SAR: Structure Activity Relationship) information provided by the 3D-QSAR analysis. of molecules M07. 
  
 
 
Development of New TRPV1 antagonist  
The development and design of new TRPV1 antagonists is based on the results of 3D-QSAR modeling and 
molecular docking [29] to improve the activity of the predicted compounds. The 3D-QSAR model revealed that 
electrostatic. hydrophobic fields and hydrogen bond acceptors are crucial in describing and explaining the 
activity of the investigated compounds Based on the information obtained from the best selected 3D-QSAR 
model we proposed a new series of antagonists by modifying some structural characteristics. The chemical 
structures, their predicted activities and binding affinity score values are listed in Table5. All predicted 
compounds have pIC50 values higher than the most potent antagonist in the dataset (compound M07). indicating 
that our model is reliable and can be used to predict new TRPV1 antagonists. 
 

(a) (b) (c) 
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Molecular docking results 
Table 5. activity and binding energy values of M07 and the predicted compounds. 

Complex pIC50 
 

Binding Energy 
(kcal mol-1) 

Predicted compounds 

M07 6.832 -6.01 

 

P1 7.168 -6.87 

 

P2 7.135 -6.28 

 

P3 6.948 -6.02 

  
 
 
 
 

 

              
Fig. 8. Interaction of M07 with the protein (PDB ID: 5IS0).  (a) 2D visualization of the interactions at the 
binding site; (b) hydrophobicity (3D view); and (c) 3D representation of the hydrogen bonding conformation  
      
 
 

(a) (b) (c) 
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Fig. 9. Interaction of P1 with the protein (PDB ID: 5IS0).  (a) 2D visualization of the interactions at the binding 
site; (b) hydrophobicity (3D view); and (c)3D representation of the hydrogen bonding conformation. 
 
 
 

 

          
Fig. 10. Interaction of P2 with the protein (PDB ID: 5IS0).  (a) 2D visualization of the interactions at the binding 
site; (b) hydrophobicity (3D view); and (c)3D representation of thydrogen bonding conformation. 
                        
 
                                                         

 

              
Fig. 11. Interaction of P3 with the protein (PDB ID: 5IS0).  (a) 2D visualization of the interactions at the binding 
site; (b) hydrophobicity (3D view); and (c) 3D representation of the hydrogen bonding conformation. 
 
 
 

The level of difference between the binding affinity values of the complexes is directly related to the stability 
of the protein-ligand interactions [35]. Figures 8, 9, 10 and 11 show the results of the interactions between the binding 
sites of compounds M07, P1, P2 and P3 and the receptor antagonist TRPV1 (PDB ID: 5IS0). Compound M07 
established two hydrogen bonds with GLU C:570 and TYR C:511. two hydrophobic interactions with MET C:547 and 
GLU C:570. and three electrostatic interactions with LEU C:553, ILEC:569, and LEU C:515. The most active predicted 
compound P1 established four hydrogen bonds with LEU E: 553. THR E: 550. THR E: 556. and TYR E: 511. three 

(a) (b) (c) 

(a) (b) (c) 

(a) (b) (c) 
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hydrophobic interactions with MET E: 547, ALA E: 566. and MET E: 547, as well as one electrostatic interaction with 
GLU E: 570.This type of interactions plays an important role in the stability of ligand-receptor complexes. In addition, 
hydrophobic and electrostatic interactions are generally associated with the affinity of ligand-proteine bonds and their 
biological reactivity [34]. The predicted compounds P2 and P3 also established hydrogen bonds. electrostatic and 
hydrophobic interractions. The results are summarized in Table 6. 
 
Table 6. Interactions of amino acids residues with ligands at receptor active site. 

Ligands 
Hydrogen-

Binding 
Interaction 

Hydrophobic 
Interaction 

Electrostatic 
Interaction Ligands 

Hydrogen-
Binding 

Interaction 

Hydrophobic 
Interaction 

Electrostatic 
Interaction 

M07 GLU C:570 
TYR C:511 

MET C : 547 
GLU C:570 

LEU C : 553    
ILE   C : 569 
LEU C : 515 

P2 

LEU  E:553 
THR E:556   
GLU E :557 
THR  E:550 

MET E : 573 
GLU E : 553 

GLU C : 570 
LEU E : 516 
LEU E : 553 
ILE E : 569 

P1 

THR E : 550 
LEU E : 553 
TYR E : 511 
THR E : 556 

LEU E : 515 
ALA E : 566 
MET E : 547 

 

GLU E : 570 P3 

ALA E : 557 
MET E : 547 
TYR E : 511 
THR E : 550 

GLU E : 570 
MET E : 547 

LEU E : 566 
ALA E : 515 
LEU E : 553 

                             
                             
ADMET prediction  

ADMET prediction is a very important method in drug design [36,37] beacause it helps identify 
pharmacokinetic properties, and toxicity properties of drug candidate of compound before wasting time and money 
on costly preclinical and clinical studies. 

Before starting the experimental process. it is crucial to verify the pharmacokinetic properties [38,39] of 
the new compounds envisaged. Therefore. to carry out this step. ADMET (Absorption; Distribution; Metabolism; 
Excretion and Toxicity) prediction tests were performed using the pkCSM [40] and Swiss-ADMET [41] web 
servers. The results obtained were listed in Table 7. 

According to the results presented in Table 7, all the predicted compounds have moderate ADMET 
parameters [42]. The high intestinal absorption values in humans (AHI > 40 %) indicate that the predicted 
compounds are able to penetrate the intestinal membrane to a moderate extent. Compounds P1, P2 and P3 showed 
high values of Caco-2 permeability. None of the molecules were toxic [43] and also were not expected to inhibit 
the enzymes CYP2C19, CYP2D6, and CYP3A4. The synthetic accessibility of all the compounds was less than 
10 and close to 1, which shows that their organic synthesis is relatively easy. 
 
 
Conclusions 
 

This study aims to present the development of new TRPV1 antagonist compounds obtained by 3D-QSAR 
studies using the CoMFA and CoMSIA methods. The results show high Q2. R2 and R2 test values for the 
performing models, and the molecular docking analysis shows synergy with the 3D-QSAR studies. Three new 
compounds (P1-3) were predicted with the CoMSIA method which showed high stability in the protein-binding 
pocket and possessed antagonistic potency more that of the most active molecule. The ADMET prediction 
indicates that the synthesis of these compounds is very accessible.  
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Table 7.   ADMET analysis and synthetic accessibility of predicted compounds. 

Co
m

po
un

ds
 

Absorption Distribution Metabolism Excretion Toxicity 

Synthetic 
accessibility 

Water 
solubility 

Caco2 
permeability 

Intestinal 
absorption 

human 
(HIA) 

Blood Brain 
Barrier 

Permeability 

CYP Total 
Clearance 

AMES 
toxicity 

Max. 
tolerated dose 

(human) 
2D6 3A4 1A2 2C19 2C9 2D6 3A4  

Substrate Inhibitor  

Numeric 
(Log 

mol/L) 

Numeric 
(log Papp in 
10-6 cm/s) 

Numeric 
(% 

Absorbed) 

Numeric 
(log BB) Categorical (Yes/No) 

 
Numeric 

(log ml/min/kg) 

Categori
cal 

(Yes/No) 

Numeric (log 
mg/kg/day) 

P1 -2.653 -0.487 43.049 -1.811 NO NO NO NO NO NO NO -0.075 NO 0.95 3.20 

P2 -3.918 0.752 81.722 -1.623 NO NO NO NO YES NO YES 0.119 NO 0.136 3.22 

P3 -3.485 0.845 78.661 -1.289 NO NO NO NO NO NO NO -0.091 NO 0.025 2.80 

M07 -3.963 1.328 92.638 -0.785 NO NO NO NO NO NO NO 0.098 NO 0.321 2.61 
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