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ABSTRACT  

We used the molecular docking method with Molegro software and we calculate ADME-T 

properties using Marvin Sketch and preADMET. The 29 amino-pyrimidines ligands were 

examined for docking studies with PknB (PDB Code: 2FUM).The Moldock score of the best 

three ligands L9, L12 and L21 are-161.475, -152.003 and-143.359 Kcal/Mol. These 

percentage shows that these candidature ligands have high binding energy percentage than the 

native MIX ligand.  The ligand L21 has the human intestinal absorption (HIA), Caco-2 cell 

permeability, and plasma protein binding values of 85.48, 6.312 (nm/Sec.) and 93.097% 

respectively, which are comparable to MIX and the other ligands L9, L12. This computational 

study helped to prove that the ligand L21 have the ability to kill the Mycobacterium 

tuberculosis by inhibiting the expression of protein kinase B. 
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1. INTRODUCTION 

Tuberculosis is the primary cause of mortality due to an infectious disease in the world today. 

The causative agent of tuberculosis is the intracellular pathogen M.tuberculosis [1]. Recent 

studies have axed on finding new pathways vulnerable to inhibition by small molecules and 

previously unexploited by drug design efforts [2]. The inhibition of signaling pathways both 

in M. tuberculosis and the host may yield new classes of drug targets as many of recent 

studies are focused on developing this further [3].The emergence of multidrug-resistance 

strains of Mycobacterium tuberculosis has increased efforts to discover novel drugs for 

tuberculosis treatment. Targeting the persistent state of Mycobacterium tuberculosis, to 

conventional drug therapies, is of particular interest [4]. 

We sought to find inhibitors of an essential M. tuberculosis serine/threonine protein kinase; 

PknB is one of the most important serine/threonine protein kinases for Mycobacterium 

tuberculosis (TB) [5, 6]. The intracellular domain of PknB has the main activity of the 

holoenzyme, and is able to autophosphorylate and combine with ATP and its analogues [7-10]. 

PknB plays an important part in the growth of TB, and is necessary for survival of TB [11-13]. 

Change of expression index or phosphorylation of PknB can give to alteration of growth rate 

and morphology of TB, due to the defects in cell wall synthesis and cell division [14-16]. 

Because of the differences between PknB and the human protein kinases, it is widely accepted 

as the drug target for anti-TB. To date, several PknB inhibitors have been reported, and some 

of them have shown certain degree of anti-TB capability. Most of these compounds are 

aminopyrimidines, aminoguanidines and anthraquinones [17-22]. 

Computer aided method is a first approach to screening novel therapeutic agents and the 

discipline is an emerging strategy as it reduces many complexities of drug design process. The 

study of receptor-ligand interaction is a fundamental concept of rational drug design and the 

prediction of such interactions by molecular docking has increasing importance in the field of 

structure based drug discovery [23].The screening of lead molecule with good therapeutic 

properties and drug likeness is a tedious task in drug discovery process. Computer aided 

method is an easy platform to search such kinds of biologically active compounds with 

favorable ADMET (Absorption, Distribution, Metabolism, Excretion and Toxicity).  
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Molecular modeling of the amino-pyrimidine compounds based on their interactions with 

Mycobacterium tuberculosis PknB, using Molecular docking to determine the best ligands 

conformation when bound to the active site [24]. 

 Finally in silico, ADMET studies were performed on the best ligands to compare the 

computed ADMET descriptor values with the accepted ranges. 

 

2. MATERIAL AND METHODS 

Protein Preparation Structure 

The downloading of serine/threonine protein kinases for Mycobacterium tuberculosis PknB 

was made from the data base Brookhaven Protein Data Bank (www.rcsb.org/pdb) [25] (access 

code 2FUM) [26] . It is co-crystallized with inhibitors Mitoxantrone, 1, 4-Dihydroxy-5,8-bis 

(2-[(2-Hydroxyethyl) Amino]Ethyl}Amino)Anthra-9,10-Quinone(three-letter code: MIX). All 

the heteroatom's and coordinates are removed from the PDB file. The three-dimensional 

structure of 2FUMwas obtained by X-ray diffraction in complex with a selective inhibitor 

Mitoxantrone with EC Number: 2.7.11.1 chains (A, B, C, D), resolution 2.89 Å, and R-value 

0.218. In this study we have taken a chain A , 263residues and 1994 atoms. This allowed us to 

obtain the model shown in (Figure 1). 

 

Fig.1.Three-dimensional crystal structure of the target protein 
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Ramachandran Plot 

In this study, the stereo chemical quality of the predicted best model was validated using 

Rampage [27].   

Ligands structure optimization  

Screened of 29 amino-pyrimidine derivatives as Mycobacterium tuberculosis PknB inhibitors 

was selected from the literature [3,17,28], were optimized before docking using MM+ 

force-field (rms = 0.01 Kcal/Å) and the semi-empirical PM3 method, both of which are 

implemented in HyperChem 8.08 software [29]. The resulting structures were saved in “.mol” 

file formats for molecular docking studies. 

The ligand structures of 29 amino-pyrimidine derivatives (Table1) were made by Marvin 

Sketch17.1.2 software [30]. 

Molecular Docking 

Molegro Virtual Docker (MVD2012) software [31], is advanced docking analysis software 

used to predict protein-ligand interactions. The potential binding site of the target protein and 

lead candidates are identified by a molecular docking algorithm called Mol Dock, MVD 

works on the basis of MolDock SE search algorithm. The docking algorithm was set at a 

maximum iteration of 1500 with a simple evolution size of 50 and minimum of 5 runs. The 

population size was set at 50 with energy threshold of 100 at each step. The least minute was 

set as 10 minutes, the torsions/translations/rotations of the ligand-protein interaction were 

tested and the one giving lower energies is chosen for further studies. The bond flexibility of 

the ligands was fixed, and the side chain flexibility of the amino acids in the binding cavity 

was set with a tolerance of 1.10 and strength of 0.90 for docking simulations. 

Root-mean-square deviation threshold for multiple cluster poses was set at < 2.00. 

Different docking programs available and they differ in the nature of the sampling algorithms 

they employ, in their manner of handling ligand and protein flexibility, in the scoring 

functions and in the CPU time they required. In the studies reported here, MVD was used, 

because it showed higher docking accuracy when benchmarked against other available 

docking programs. 

(MD: 87%, Glide: 82%, Surflex: 75%, FlexX: 58%) have been shown to be successful in 
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several recent studies, but also for reasons of cost and user friendliness. 

Binding affinities were estimated using Molegro data Modeler The scoring function used by 

MolDock is derived from the piecewise linear potential scoring functions which further 

improves this score with a new H-bonding term and new charge schemes ,being flexible, i.e. 

all non-ring torsions were allowed [32,33]. 

This molecular docking protocol generate five best predicted poses for each amino-pyrimidine 

compound with Moldock score, Rerank score, and Hydrogen bond score. The docked 

conformations or pose with the minimum MolDock score values is the optimal pose.  

The docked conformation further analyzed on the basis of the Re-Rank score function. The 

Re-Ranking score function is generally more reliable than the MolDock score function at 

selecting the best solution among multiple solutions derived from the same ligand [34]. 

Ligplot plus 1.4.5 [35],a program to generate schematic diagrams of protein ligand 

interactions. 

Physicochemical properties of selected ligands 

Physicochemical properties of interest included predicted lipophilicity (logP), predicted 

aqueous solubility (logS), topological polar surface area (TPSA), molecular weight (MW), 

hydrogen bond donor (HBD), hydrogen bond acceptor (HBA),  value predicted by Marvin 

Sketch. The calculation of partition coefficient was conducted by applying both consensus 

and ChemAxon methods as implemented in Marvin Sketch. 

Drug Likeness and Pharmacokinetic Properties of selected ligands 

The ligands were predicted for drug likeness, ADMET (adsorption, distribution, metabolism, 

excretion and toxicity studies by PreADMET [36].The main filters used for prediction of drug 

likeliness were Lipinski’s rule of five [37],CMC [38], MDDR [37] , Lead-like Rule [39], and 

WDI (World drug index)-like rule [40]. These rules were scrutinized and were subjected to 

ADME prediction.  

The pharmacokinetic parameters, absorption and distribution, were considered for selection of 

compounds as drug candidates. In this study, the PreADMET program was used to predict 

ADMET of amino-pyrimidine derivatives. The aspect prediction of absorption properties 

included percentage human intestinal absorption (% HIA) and Caco2 (heterogeneous human 
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epithelial colorectal adenocarcinoma), and MDCK, and MDCK (Madin-Darbycanine kidney) 

cell permeability [41].And blood brain barrier prediction [42].Those molecules qualified the 

above rules based on specific statistical cut-off available for each model was selected for 

toxicity prediction. However, virtual screening was also performed to evaluate toxicological 

properties including carcinogenicity and risk of inhibition of human ether-a-go-go-related 

(hERG) gene [36]. These works have been performed by using Windows 7 64-bit operating 

system having Intel core 2duo processor. 

 

3. RESULTS AND DISCUSSION 

Validation of Modeled structures 

The stereo chemical quality of the predicted model was evaluated after the refinement process 

using Ramachandran Map calculations computed with the Procheck. The phi and psi 

distribution of the Ramachandran Map generated by non glycine and non proline residues are 

depicted in (Figure2) Ramachandran plot indicated that no residues have phi/psi angles in the 

disallowed regions and hence the quality of the model is acceptable. The percentage of 

residues in the “core” region of our modeled protein was found to be satisfactory [43]. 

The red regions in the graph indicate the most allowed regions whereas the yellow regions 

represent allowed regions. In this protein model, 86.6% of the residues were in the most 

favored region, 10.9% in allowed region, 1.8 % in generously allowed region and 0.8% of the 

residues lying in the disallowed regions. 

 

 

 

 

 

 

 

 

 

Fig.2. Ramachandran plot for 2FUM protein generated by Procheck 



S. Khamouli et al.            J Fundam Appl Sci. 2019, 11(2), 914-939             920 
 

 

Prediction of binding sites 

MVD automatically identifies potential binding sites (also referred as cavities or active sites) 

by using its cavity detection algorithm. The cavities within a 30 x 30 x 30 Å3 cube centered at 

the experimentally known ligand position were used.  In the case of the crystal structures for 

serine/threonine protein kinase B (2FUM). complexes, the program generally identified five 

different binding sites (Figure 3).From these five predicted cavities (Table 1) the one with the 

highest volume (107.52Å3) and surface(.295.69 Ǻ2), was selected for consideration, as it 

includes the bound ligand. 

Table 1.Cavity information of enzyme (2FUM.pdb) 

Cavity Name Volume(Ǻ3) Surface Area(Ǻ2) 
Cavity 1 107.52 295.69 
Cavity 2 59.392 170.24 
Cavity 3 23.040 96 
Cavity 4 16896 80.64 
Cavity 5 16.384 70.4 

The binding site was defined as a spherical region which encompasses all protein atoms with 

in 6.0 A° of bound crystallographic ligand atom (dimensions X (61.79 A°), Y (2.44 A°), Z 

(-25.10A°) axes, respectively). Default settings were used for all the calculations.  

 

Fig.3. The five MVD- detected cavities in PknB, PDB code; 2FUM  Detected cavities; green; 
carbon atom; grey; oxygen atoms; red; nitrogen atoms; blue. 
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Protein-Ligand Docking 

One application of molecular docking is to design pharmaceutical in silico by optimizing 

targeted lead candidates against protein. The lead candidates can be found using a docking 

algorithm that aims to identify the optimal binding mode of a small molecule (ligand) to the 

active site of macromolecular target. Ligands have been designed to obtain more potent 

compounds as inhibitors of PknB. Computational analysis was carried out on chain A of the 

enzyme 2FUM. The 29 ligands L1-29 were selected for the study of the protein-ligand 

interactions, five top poses for each ligand were returned in the simulation, out of which one 

best pose for each ligand was selected on the basis of their MolDock score. The MVD score 

and the re-ranks cores and H-Bound score (KJ/mol), for each docking studies of 

amino-pyrimidine ligands with 2FUM are summarized in (Table 2). 

The docking of ligands outcome produced the three best ranked ligands, namely, L9, L12and 

L21, which showed lower Moldock score, re-rank score and a higher number of hydrogen 

bonding interaction than the other compounds. The binding energy values of compounds L9, 

L12 and L21 are-161.475, -152.003 and -143.359kcal/mol, respectively, which are better than 

MIX with binding energy value of -75.683 kcal/mol. These results show that, compared to 

MIX as selective PknB, those three top-ranked ligands will form more stable complex and 

selective with, as²well as, be better able to inhibit and reduce the activity of PknB.  

In addition, the docking results of the interactions between compounds to receptor can be 

analyzed by means of visualization using Molegro molecular viewer program. Visualization 

helps to observe amino acid residues contact and the hydrogen bonds formed between the 

ligand to the receptor. The number and length of hydrogen bonds the amino acid residues that 

interact with receptors of the compounds are shown in (Table 3) and (Figure 4). 

The number of hydrogen bonds between ligands and amino acid of the target protein indicate 

it stability to inhibit the protein target. 

*Ligand 21, the most active ligand, formed six hydrogen bonds, and interacted with the Gly93, 

Val95, Lys140 and Asn143 active amino acid residues. Gly93 formed H-bonds with NH group 

of  Pyrazole ring and Val 95 formed tow hydrogen bonds with the N atom and the −NH 

group of  Pyrazole ring, Lys140  forms two H-bonds  with the two O (oxygen diatom) of 

the sulfonylmethane group and Asn143 formed H-bonds with the hydrogen atom of  O 
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(oxygen diatom) of the sulfonyl group. 

Table 2.The structure of amino-pyrimidine derivatives with docking scores. 

No Ligand Moldock score 

(KJ/mol) 

Rerank 

score 

(KJ/mol) 

H-Bound 

score 

(KJ/mol) 

1 

 

-147.646 -69.264 -2.276 

2 

 

-144.615 -95.918 -2.014 

3 

 

-139.421 -116.664 -6.416 

4 

 

-139.71 -29.120 -5.586 

5 

 

-155.848 -96.502 -7.761 

6 

 

-147.347 -109.939 0.0 

7 

 

-155.794 -120.147 -2.618 
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8 

 

-142.356 -90.290 -2.009 

9 

 

-161.475 -128.826 -7.237 

10 

 

-153.264 -116.047 -0.639 

11 

 

-151.906 -119.35 -2.961 

12 

 

-152.003 -126.941 -8.380 

13 

 

-123.111 -99.842 -4.821 

14 

 

-140.882 -112.329 -5.180 

15 

 

-133.398 -105.768 -4.163 
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16 

 

-127.542 -94.644 -2.693 

17 

 

-134.871 -96.723 -2.636 

18 

 

-135.756 -100.839 -7.316 

19 

 

-125.914 -95.786 -7.169 

20 

 

-143.71 -112.077 -5.767 

21 

 

-143.359 -120.853 -9.685 

22 

 

-133.614 -107.115 -4.613 

23 

 

-120.633 -99.877 -5.483 
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24 

 

-135.237 -106.568 -5.233 

25 

 

-134.254 -62.821 -1.500 

26 

 

-156.908 -93359 -1.364 

27 

 

-170.109 -94.358 -3.122 

28 

 

-138.238 -111.629 0.0 

29 

 

-136.307 -108.308 -2.035 
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*Ligand 12 is the second most active ligand; it forms five hydrogen bonds, and interacted 

with the Gly93, Val95, Leu17 and Tyr 94 active amino acid residues. Gly93 formed H-bonds 

with NH group of pyrazole ring, whereas Val 95 formed two hydrogen bonds with the N atom 

and the −NH group of the pyrazole ring. Leu 17 and Tyr 94 formed respectively one H-bond 

with NH group and  one H-bond with the H-bond atom of O (oxygen diatom) of the sulfonyl 

group. 

*Ligand 9 is the less most active ligand; it forms three hydrogen bonds, and interacted with 

the Gly93 and Val95 active amino acid residues, respectively. Gly93 formed one H-bond with 

the NH group of pyrazole ring whereas Val 95 formed two hydrogen bonds with the N atom 

the −NH group of the pyrazole ring.  

(A) 

 

 

MIX 

 

-75.683 -17.158 -6.501 
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(B) 

 

 

(C) 
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(D) 

 

Fig.4.Hydrogen bonds interaction between ligands L9 (A), L12 (B), L21(C) and MIX( D) and 

residues of active site of 2FUM. 

 
Table 3. Prediction interactions 

Ligand Annotated 
Distance 

Protein 
Compound Atom 

ID 
Element Internal 

Residue
Atom 
ID 

Residue Element 

L 9 0 H 2.60 90 691 Gly93 O 

1 N 2.63 92 709 Val95 H 

9 H 3.06 92 712 Val95 O 

L 12 13 H 2.63 90 691 Gly93 O 

14 N 2.61 92 709 Val95 H 

9 H 2.69 92 712 Val95 O 

22 H 2.83 14 116 Leu17 O 

60 O 2.60 91 708 Tyr94 H 

L 21 13 H 2.84 90 691 Gly93 O 

12 N 2.73 92 709 Val95 H 

9 H 3.12 92 712 Val95 O 

45 O 3.15 137 1058 Lys140 H 

43 O 3.23 137 1058 Lys140 H 

43 O 3.16 140 1078 Asn143 H 

 

  The lengths of the hydrogen bonds in the interval: 2.5Å ≤ x ≤ 3.1Å are considered strong 

interactions; however values in the interval 3.1Å≤ x ≤ 3.55Å: the averages interactions, 
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whereas values > 3.55Å are considered weak. It is noticed that the values obtained for 

distances of hydrogen bonds between the ligands L9, L12 and the residues of active site 

belong to the interval 2.5Å ≤ x ≤ 3.1Å. These results indicate that the strong affinity of L9 and 

L12 on 2FUM could lead to the potent inhibition of the catalytic activity of the enzyme [44]. 

LigPlot is known as the comprehensive tool for expressing the hydrogen bonding and 

hydrophobic interactions involving the ligand molecule and active site residues 

(Figure 4) gives a more detailed insight of the interactions with particular amino acids in 

enzyme binding pocket. Based on the presented results, it can be concluded that hydrophobic 

interactions between ligands L9, L12, L21 and binding pocket play an important role. 

However, number, bond length and bond energy of hydrogen bonds formed between ligand 

and enzyme has an important role in ligand effect on investigated activity. 

 

(A)         (B) 
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                   (C)                  (D) 

  

 

Fig.4. LigPlot generated for the best poses obtained with ligandsL9 (A), L12 (B), L21 (C), 

MIX (D) andreceptor2FUM 

 

Drug-likeness prediction of selected ligands 

Physicochemical properties of selected ligands 

The selected ligands used in this study were evaluated as selective inhibitor 2FUM protein 

target by comparison. The oral bioavailability of the compounds projected as potential drugs 

were evaluated by determining the molecular weight, number of rotatable bonds , H bond 

donor and acceptor, and drug’s polar surface (TPSA). Since the individual molecular weights 

of all the compounds were less than 500, the numbers of the rotatable bond were < 10, the 

number of hydrogen bond donors and acceptors were < 10, an octanol-water partition 

coefficient logP not greater than 5. 

TPSA values being <140, they qualified to be an ideal oral drug. Ligands tested in this study 

were also predicted to have good oral bioavailability and all the ligand qualify of the 

Lipinski’s Rule of 5. 
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According to (Table 4), all the ligands possess limited aqueous solubility which ranged from 

very slightly soluble to practically insoluble [45]. This result is also supported by the 

calculation of partition coefficient which indicates that all the tested compounds are lipophilic 

and have the best affinity to reside in n-octanol than in water i.e. all the ligands will pass the 

plasma membrane easily (Table 4) 

Table 4. Physicochemical property of anti-tubercular ligands. 

 

In drug-likeness prediction, a molecule can be considered to have drug-like features 

Only if it satisfies most of the rules including rule of five, CMC-like rule, MDDR-like rule, 

Lead-like rule, WDI-like rule. All of the selected ligands qualified Lipinski’s rule, WDI rule 

as it was in the cut-off range (90%) and CMC-like rule expectedL12 and MIX, such as 

MIXMDDR rule, whereas L9, L12, L21 showed mid-structure to MDDR-like rule. However, 

all ligands Violated Lead-like rule (Table 5). 

Table 5.Drug likeness prediction using PreADMET Server 
 
Ligands CMC like rule Lead like rule Lipinski’s 

‘‘Rule of five’’ 

WDI like rule MDDR Like 

L9 Qualified Violated Suitable Out of 90 % Mid-structure 

L12 Not Qualified Violated Suitable Out of 90 %  Mid-structure 

L21 Qualified Violated Suitable Out of 90 %  Mid-structure 

MIX Not Qualified Violated Suitable Out of 90 %  Drug-like 

 

Pharmacokinetic study of selected ligands 

The pharmacokinetic studies such as absorption, distribution of L9, L12, L21 and MIX were 

performed using online server PreADMET (https://preadmet.bmdrc.kr/). The calculated 

Ligand 

Molecular 

weight  

 

Intrinsic 

aqueous 

solubility 

logS 

 

Partition  

coefficient (logP)  

H bond 

donor  

H bond 

acceptor  

 

TPSA 

Consensus ChemAxon 

 

L9 414.517 -5.95 4.46 4.81 2 8 96.76 
L12 481.62 -4.87 3.32 3.55 3 9 115.90 
L21 398.49 -4.65 2.66 2.88 3 8 112.66 
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absorption, distribution parameters are presented in (Table 6). 

The calculated human intestinal absorption (HIA) was ranged from 85.48% to 90.926 % 

which suggest that all the tested compounds are well absorbed through the intestinal cell [46]. 

 

Table 6.ADME properties of ligands 
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L9 90.926 15.148 -3.721 82.193 1.141 Inhibitor 

L12 89.806 1.605 -2.642 87.243 0.292 Inhibitor 

L21 85.480 6.312 -2.704 93.097 0.118 Non inhibitor 

MIX 22.314 18.258 -5.094 22.314 0.029 Non inhibitor 

 

In addition, all compounds exhibited high permeability [47] as absorption values through 

Caco-2 cell (PCaco-2) were within 15.148 - 6.312 nm/s excepted l9 (1.605 nm/s) The skin 

permeability (PSkin) is a vital parameter for the assessment of drugs and chemical that might 

require trans dermal administration. All the compounds were found to be impermeable 

through skin since the calculated PSkin value was negative. 

The distribution properties were assessed by evaluating the brain to blood partition coefficient 

(Cbrain/Cblood), plasma binding (PPB) and interaction with the P-glycoprotein (Pgp). The 

calculated values of PPB were 82.193 to 93.097 %. Generally compounds with more than 90% 

of PPB are classified as strongly bound chemicals whereas less than 90% are weakly bound 

chemicals (https://preadmet.bmdrc.kr/adme-prediction/). Therefore, among L21 bound 
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strongly with plasma protein whereas L9 and L12 are weakly bound chemicals. The 

Cbrain/Cblood values were 0.118 to 1.141. Based on Cbrain/Cblood ratio all chemicals fall 

under three categories namely high absorption to CNS (Cbrain/Cblood value more than 2.0), 

middle absorption to CNS (Cbrain/Cblood value within 2.0 - 0.1) and low absorption to CNS 

(Cbrain/Cbloodvalue less than 0.1). The ratio of Cbrain/Cblood suggests middle absorption of 

these agents to CNS indicating moderate to higher ability to cross blood brain barrier (BBB). 

P-glycoprotein (Pgp), produced from the multi drug resistance (MDR) gene and an ATP 

dependent efflux transporter that affects the absorption, distribution and excretion of clinically 

important drugs [48]. 

The ligands L9 and L12 are inhibitors for Pgp and L12 but are not inhibitors forPgp. 

Ligand L21 showed PPB=93.097%, HIA= 85.48 and CBrain/CBlood=6.312, this ligand will 

be with greater availability to bind with the target receptor, showing pharmacological effect 

for possessing a lower penetration of the blood-brain barrier, causing less collateral effects 

when compared to other compounds. 

Toxicological study of selected ligands 

Table 5 shows the results of mutagenic (Ames test) and carcinogenic (using mouse and rat 

model) properties ofL9, L12, L21 and MIX. Toxicological investigation of drug candidates is 

one of the key steps for drug discovery. This means that the toxicity study is very important 

for new compounds.  

The Ames test is widely used and an accepted test to evaluate the mutagenicity of a chemical 

agent. In this test, all the compounds except L12, L21 exhibited positive prediction mutagenic 

compound.  

Table7. Toxicological properties of anti-tubercular agents. 

 

Ligands 

 

Mutagenicity (Ames test)  

 

Carcinogenicity 

 
in vitro hERG 
inhibition 

Mouse  

 
 Rat  

L9 mutagen Negative  

 
Negative  Medium risk  

L12 non-mutagen Negative  

 
Negative  

 
Ambiguous 

L21 non-mutagen Negative  Negative  Ambiguous 
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MIX non-mutagen Negative  

 
Negative  

 
Ambiguous 

 

In carcinogenicity study, the PreADMET server was utilized to predict the carcinogenicity of 

chemical agent.  

In the prediction of carcinogenicity, negative prediction indicates there is evidence of 

carcinogenic activity whereas positive means the tested compound does not exhibit 

carcinogenic activity.  Among all ligands demonstrated carcinogenicity in both mouse and 

rat model. The risk of inhibition of human ether-a-go-go-related (hERG) gene was varied 

from medium and ambiguous. Inhibition of the hERG gene has been linked to long QT 

syndrome .The results have been summarized in (Table 7). 

 

4. CONCLUSION 

Virtual screening methods are widely used for reducing cost and time of drug discovery 

process. From this study of in silico drug designing and molecular docking of the 29 

amino-pyrimidine derivatives, we conclude that those derivatives have the ability to inhibit 

the Mycobacterium tuberculosis protein kinase B.  The scoring results reveal the higher 

negative mol dock score, rerank score and hydrogen bond interaction of the title compounds 

in comparison to MIX. It was found that the three ligands L9, L12, L21 showed better results 

from 29 docked ligands. Furthermore, Pharmacokinetic effects of the ligand L21 observed 

comparatively better bioavailability, distribution, absorption, than MIX and other ligands. 

Hence, it could be concluded that the ligand L21 could be considered as potent drug candidate 

of M. tuberculosis. 
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