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ABSTRACT

 The rise of superbugs is a serious public health concern. It is estimated to kill around 10 million 
people a year by 2050 and will overtake cancer as the number one cause of death worldwide. One of 
the most prevalent drug-resistant pathogen is Methicillin-resistant Staphylococcus aureus (MRSA). 
Intense efforts have been devoted to the discovery and development of anti-MRSA drug. Muramyl 
ligase E (MurE), an enzyme involved in the peptidoglycan biosynthesis of the bacterial cell wall, is a 
highly druggable target in MRSA. In this study, virtual screening of approved and experimental drugs 
in the DrugBank database was performed based on a pharmacophore derived from the structure of 
MurE. Molecular docking was subsequently done with the top hits. The top hits and their derivatives 
were further evaluated for their predicted pharmacokinetics properties. This drug repurposing effort 
has identified four experimental drugs that are predicted to bind more strongly to MurE than the drug 
Fosfomycin. One of the top hits, DB01758, exhibited all the characteristics of a good drug candidate, 
albeit it is likely to be non-biodegradable.

Keywords: Methicillin-resistant Staphylococcus Aureus (MRSA), Muramyl ligase E (MurE), 
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INTRODUCTION

 The drug-resistant  microorganisms dubbed 
superbugs are projected to kill 10 million people 
a year by 2050 and will overtake cancer as the 
leading cause of death worldwide1. The continuous 
emergence of antimicrobial resistance has resulted 
to prolonged illnesses, greater treatment costs, 
and increased mortality making it a public health 
issue today. The proliferation of superbugs has not 

only spread in hospital environments but also in 
communities. The rise of antibiotic resistance has 
outpaced the development of new antimicrobial 
drugs in the past 40 years2. As a result, treatment 
options for the new strains of these pathogens are 
severely limited.

 In 2014, the World Health Organization 
(WHO) issued the first ever Antimicrobial Resistance 
Global Report on Surveillance3. One of the identified 
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microbial pathogen that has remarkably developed 
drug resistance is Staphylococcus aureus, a  
gram-positive and facultative anaerobe. It is one of 
the leading cause of infection, ranging from minor 
skin allergies and simple boils to severe lethal 
conditions such as necrotizing pneumonia and toxic 
shock syndrome4,5. 

 Methicillin, like other β-lactam antibiotics 
such as oxacillin, penicillin, and cephalosporins, 
was commonly used to treat S. aureus infections4. 
Its mechanism involves competitive inhibition of the 
transpeptidase enzyme used by bacteria to cross-
link the D-alanyl-alanine peptide, which is vital for 
peptidoglycan synthesis6.  Since the discovery of the 
first methicillin-resistant S. aureus in 19637, it has 
become a primary cause of infection both in hospitals 
and communities8, and eventually developed 
multidrug resistance especially in hospital setting9.

 The mechanism of the peptidoglycan 
biosynthesis is one the best known and most 
validated drug targets for antibacterial therapy10,11. 
The compounds that interfere with the biosynthesis 
and assembly of peptidoglycan have been utilized 
as antimicrobial agents. This makes the Mur 
enzymes, which catalyze the cytoplasmic steps of 
the peptidoglycan biosynthesis, excellent candidates 
for drug development12. The high tensile strength 
and rigidity of the bacterial cell wall is attributed to 
the cross-linkage of linear glycan chains which are 
composed of alternating units of N-acetylglucosamine 
and N-acetylmuramic acid13.

 In the cytoplasm, MurA catalyzes 
the acylation of UDP-N-acetylglucosamine by 
phosphoenol pyruvate. The subsequent reduction of 
the product enol-pyruvoyl-UDP-N-acetylglucosamine 
with NADPH is catalyzed by MurB. The resulting 
product UDP-N-acetylmuramic acid (UDP- MurNAc) 
is then aminoacylated, in sequence, with L-alanine, 
D-glutamate, and either L-lysine or meso-
diaminopimelic acid (mDAP) by MurC, MurD, and 
MurE, respectively, to produce UDP-MurNAc-
tripeptide. Finally, the prostaglandin precursor 
UDP-MurNAc-pentapeptide is produced by MurF-
catalyzed addition of D-alanyl-D-alanine to the 
carboxyl end of the UDP-MurNAc-tripeptide14. The 
pentapeptides in prostaglandin strands are cross-
linked by transpeptidation catalyzed by penicillin-
binding proteins (PBPs), which link the MurE 

appended L-lysine or mDAP residue to adjacent 
peptides15. This amino acid in third position is an 
important site for elaboration of the stem peptide in 
prostaglandin and serves as linchpin for diverse cell 
wall biomolecules, with the aid of sortase enzymes 
that are crucial for virulence and pathogenesis16. 
It is therefore imperative to find inhibitors of MurE 
enzyme, which is essential in the crucial step of 
prostaglandin biosynthesis.

 In this work, pharmacophore-based virtual 
screening was performed with the use of DrugBank 
database (www.drugbank.ca) containing around 
7000 compounds, including over 2000 approved 
drugs and some 5000 experimental drugs and 
nutraceuticals. Subsequently, the top hits were 
subjected to molecular docking studies against 
MurE as enzyme target. The high-binding top hits 
were further evaluated for their pharmacokinetics 
properties.
 

MATERIALS AND METHODS

 All computational works were performed 
using Biovia Discovery Studio (DS) Client v2.5 
(Dassault Systèmes) installed on a computer 
running on Microsoft Windows 7 Professional 64-bit 
Operating System using a 3.50-GHz Intel® Core™ 
i7-4770K processor with 8.00 GB memory (RAM). 
The crystallographic data file of the target, MurE 
(PDB ID: 4C13), was retrieved from the Research 
Collaboratory for Structural Bioinformatics (RCSB) 
Protein Data Bank (PDB) website (www.rcsb.org).

 After removing the co-crystallized ligand, 
the enzyme was defined as the receptor using 
the Define Selected Molecule as Receptor tool in 
DS.  The location of the bound ligand was used to 
generate an active site sphere using Define Sphere 
from Selection tool. The nature of the active site 
of the target molecule was analyzed for hydrogen 
bonding and hydrophobic features using Interaction 
Generation protocol. The initial pharmacophore 
features were narrowed down using the Cluster 
Current Feature and Keep Only Cluster Centers 
tools for the generated features. 

 The SDF files of the comprehensive 
online database of drugs were obtained from 
DrugBank. Using the Prepare Ligands protocol, 
the compounds were prepared by removing 
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duplicates, varying the ionization based on pH  
(6.5 to 8.5), enumerating tautomers and isomers, 
and generating 3D conformations. The prepared 
ligands were assembled into a separate database 
using the Build 3D Database protocol while the 
number of conformation was set to zero.  

 The prepared database was screened 
against the pharmacophore generated using the 
Screen Library protocol by rigid fitting method. 
The compounds that displayed fit values of at least 
3.8 were subjected to molecular docking studies 
using the Dock Ligands (CDOCKER) protocol. 
The target-ligand complexes were evaluated and 
ranked by calculating their binding energies using 
the Calculate Binding Energies protocol with In Situ 
Ligand Minimization. 

 The toxicity and ADMET (absorption, 
distribution, metabolism, excretion, toxicity) 
characteristics were determined using the TOPKAT 
and ADMET modules in DS. 

RESULTS AND DISCUSSION

 The target enzyme MurE ligase from  
S. aureus (MurESa) in complex with UDP-MurNAc-Ala-
Glu-Lys was retrieved from RCSB Protein Data Bank.  
It was subjected to Protein Preparation step which 
involves insertion of missing atoms and loop regions, 
deletion of alternate conformations, removal of water 
and ligands, and protonation of amino acid residues 
based on pKa values. Additionally, the energy of the 
prepared structure was minimized through geometry 
optimization, thereby obtaining the most stable 
conformation of the protein. The optimized structure 
of the target did not vary considerably vis-à-vis the 
original crystal structure after protein preparation 
(RMSD = 0.91Å). The 3D structure of MurESa 
prepared in DS was exported to and visualized as 
ribbon representation (chain A) in UCSF Chimera v 
1.11.217 (Fig. 1). MurESa is a three-domain, mixed 
a/β structure. Domain 1 includes residues 1 to 98, 
which comprise the uridine nucleoside-binding site 
of the UDP-MurNAc-tripeptide product. Domain 2 
covers residues 99 to 332 and encompasses the 
rest of the UDP-MurNAc-tripeptide-binding pocket. 
Lastly, domain 3 embraces residues 333 to 493 and 
partly encompasses the ATP-binding site10. The inset 
displays the hydrophobicity surface of the enzyme 
around the UDP-MurNAc-tripeptide-binding pocket.  

The tripeptide moiety appears to extend down to the buried  
ATP-binding site formed between domain 2 and 3.  

Fig. 1. Crystal structure of MurE ligase from S. Aureus in 
complex with UDP-MurNAc-Ala-Glu-Lys

Fig. 2. Left: Location of the active site in the protein; Right: 
active site containing amino acid residues involved in binding

 A site sphere with a radius of 7.5 Å and 
x, y and z coordinates of -29.5, 8.5, and -3.0 
respectively was positioned around domains 2 and 
3 in accord with the active site previously described 
by Ruane and coworkers10. The site sphere radius 
was optimized by varying its size and position until 
all relevant amino acid residues in the binding site, 
specifically Glu-460, Asp-406, and Ser-456 were 
covered (Fig. 2). COACH  and COFACTOR servers 
(https://zhanglab.ccmb.med.umich.edu) were also 
utilized to check the active site of the target enzyme 
selected. These servers provide complementary 
ligand binding site predictions via two comparative 
methods, TM-SITE and S-SITE18. These methods 
recognize ligand-binding templates from the BioLiP 
protein function database19 by binding-specific 
substructure and sequence profile comparisons. 
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 A pharmacophore, a set of steric and 
electronic features of a compound needed to ensure 
optimal interactions with a specific biological structure, 
was then generated based on the structure of the 
defined binding pocket. Fig. 3 shows that it consists 
of 31 features: 15 acceptors, 14 donors and 2 
hydrophobes. The different colored spheres correspond 
to the spatial arrangement of different features – green 
for hydrogen-donors, magenta for hydrogen-acceptors, 
and cyan for the hydrophobes. These features served 
as reference in screening the DrugBank database of 
approved and experimental drugs. 

 Using the Screen Library protocol, 
structure-based virtual screening was performed 
in order to reduce the number of compounds to 
be docked against the target. Applying an arbitrary 
cut-off fit value of 3.8, the number of experimental 
compounds was trimmed down from 4,982 to 346 
and the approved drugs from 2,162 to 947. 

random poses of a ligand were generated and placed 
in a rigid receptor (i.e. defined binding pocket in 
MurESa). The resultant poses were then evaluated 
by calculating their binding energies. 

 The ATP-binding site in MurESa has been 
established29 and is composed of structural features 
that are conserved in all Mur ligases10. In this light, 
Fosfomycin, a broad-spectrum antibiotic which acts 
by inactivating MurA, was used as reference in this 
work. To date, there is no known drug that acts 
against MurE and so far its only known inhibitor is a 
phosphinate30.  Thus, the screened ligands with a more 
negative binding energy than Fosfomycin (-335.40 kcal 
mol) were considered as promising top hits.

 Molecular docking studies yielded 
four compounds (Table 1) with greater (more 
negative) binding energy than the reference 
compound. The topmost hit was an experimental 
compound, 4-Phospho-L-Threonic acid (DB01756), 
a monosaccharide phosphate that acts on ribose-5-
phosphate isomerase. Its binding affinity is relatively 
more than double that of Fosfomycin. The second 
top hit was an inositol phosphate, (1S, 3S, 4S)-1, 
3, 4-Triphospho-Myo-Inositol (DB01729), which 
is also an experimental drug. Its binding energy 
with MurESa is more than 100 kcal/mol greater 
than that of the reference compound. The third 
most potent hit was 3-Iodo-Tyrosine (DB01758), 
an organic acid derivative that targets tyrosine-
tRNA ligase. It is the only hit compound that does 
not contain a phosphate group. Lastly, the fourth 
hit was N-Hydroxy-4-Phosphono-Butanamide 
(DB01695), an experimental compound that targets 
triosephosphate isomerase.

 The top hit compound, DB01756, was found 
to have more polar, van der Waals, and H-bonding 
interactions with MurESa compared to Fosfomycin. 
DB01756 exhibits hydrogen bonding with the side 
chains of Thr137, Gly149, Thr152, and Tyr 462  
(Fig. 4); charge interaction with Lys148; and several 
polar interactions with Asn138, Ala150, Asn151, 
Tyr351, Gly460, and Tyr 462 (Fig. 5a). The ligand-
target interaction maps for the other top hit molecules 
are also displayed in Figure 5.

Fig. 3. Generated pharmacophore having 31 features: 15 acceptors 
(magenta), 14 donors (green) and 2 hydrophobes (cyan)

 Molecular docking is an established tool 
in molecular biology and drug discovery20. It has 
been routinely used in our group to perform virtual 
screening of libraries and to elucidate the interaction 
of the ligands with a biomolecular target21-27. Thus, 
molecular docking was subsequently performed 
in order to rank-order the pharmacophore-based 
virtual screening hits according to binding energy 
values and to examine the interaction of the ligands 
against the target. Using the CDOCKER protocol 
in DS28, which employs a CHARMm (Chemistry at 
HARvard Macromolecular Mechanics) force field, 
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Table 1: Structure and binding energies of the top hit compounds against MurESa

Accession Number Structure Binding Energy (kcal/mol)

DB01756  -708.80

DB01729  -457.37

DB01758  -377.60

DB01695  -361.77

Fosfomycin  -335.40

Fig. 4. DB01756 (maroon) and the key interacting residues 
(cyan) in MurESa. Conventional hydrogen bonds are shown 

as green dashed lines

 The ADMET (Absorption, Distribution, 
Metabolism, Excretion, Toxicity) properties of the top 
hits were also predicted using the ADMET protocols 
in DS. The Human Intestinal Absorption protocol 
was used to predict the human intestinal absorption 
after oral administration and ingestion. The Aqueous 
Solubility protocol predicts the solubility of each 
compound in water at 25°C. ADMET CYP2D6 
Binding predicts cytochrome P450 2D6 enzyme 
inhibition and classifies whether a compound 

is likely to be an inhibitor or not. Hepatotoxicity 
predicts the occurrence of dose-dependent human 
hepatotoxicity. The Plasma Protein Binding model 
predicts whether a compound is likely to be bound 
to carrier proteins present in the blood. Theoretically, 
a good drug exhibits the following characteristics: 
good human intestinal absorption, optimal aqueous 
solubility, non-CYP2D6 inhibitor, low hepatotoxicity, 
and is not highly-bound. Among the top hits, 
DB01758 has all the characteristics of a good drug 
based on ADMET parameters. Although DB01756 
has the largest binding energy, it is too soluble in 
water and not easily absorbed by the intestine. With 
the exception of DB01758, the top hits including 
the drug Fosfomycin are predicted to have poor to 
very poor intestinal absorption. However, they can 
be alternatively delivered to the target using an 
appropriate drug delivery system31.

 The TOxicity Prediction by Komputer 
Assisted Technology (TOPKAT) protocols in 
DS28 were used to predict the toxicity properties 
of the top hit compounds. TOPKAT provides 
assessment of chemical toxicity based on QSAR 
models that involve predictors derived solely 
from chemical structure. Based from the Weight-
of-Evidence Rodent Carcinogenicity module of 
TOPKAT, a probability of 0.3 and below indicates 
that the compound is non-carcinogenic while a 
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probability above 0.7 entails that the compound 
is carcinogenic32. The Ames Mutagenicity module, 
on the other hand, labels a compound as non-
mutagenic if the computed mutagenicity is between 
0.0 and 0.3. The Developmental Toxicity module 
aids in determining whether or not a drug may be 
administered to pregnant women or children by 
predicting the toxicity of a drug candidate to the 
embryo or fetus. Finally, the Aerobic Biodegradability 
module predicts the stability of the compound by 
calculating the probability of a query to be capable 

of aerobic biodegradation28. A good drug exhibits 
the following properties: non-carcinogenic, non-
mutagenic, exhibits no developmental toxicity 
potential, and is biodegradable. Among the top hit 
compounds, DB01758 was predicted to have all 
the characteristics of a good drug, except that it is  
non-biodegradable (Table 3). In general, the 
calculated ADME-Tox properties obtained from this 
work are in agreement with the admetSAR-predicted 
properties listed in DrugBank.

Table 2: Predicted Pharmacokinetics Properties of the Top Hit Compounds 

Compound Human Intestinal Absorptiona Aqueous Solubilityb CYP2D6 Bindingc  Hepatotoxicityd Plasma Protein Bindinge

DB01756 3 5 0 0 0
DB01729 3 4 0 0 0
DB01758 0 4 0 0 0
DB01695 3 5 0 0 0
Fosfomycin 2 5 0 0 0

a0 = good absorption, 1 = moderate absorption, 2 = poor absorption, 3 =  very poor absorption; b0 = low; 1 = no, very low, but possible; 
2 = yes, low; 3 = yes, good; 4 = yes, optimal; 5 = too soluble; c0 = non-inhibitor, 1 = inhibitor;  d0 = non-toxic, 1 = toxic; e0 = < 90%  
(not highly bound), 1 = > 90% (highly bound), 2 =  > 95% (highly bound)

Table 3: Predicted Toxicity Properties of the Top Hit Compounds

Compound  Carcinogenicity Mutagenicity DevelopmentalToxicity Potential Aerobic Biodegradability

DB01756 non-carcinogenic mutagenic - biodegradable
DB01729 carcinogenic non-mutagenic + biodegradable
DB01758 non-carcinogenic non-mutagenic - non-biodegradable
DB01695 non-carcinogenic non-mutagenic - biodegradable
Fosfomycin non-carcinogenic non-mutagenic - non-biodegradable

Fig. 5. Interaction maps for the top hits (a) DB01756, (b) DB01729, (c) DB01758, (d) DB01695 against MurE target
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CONCLUSION
 
 In this study, a pharmacophore based on 
the structure of MurESa  was generated and used to 
screen a total of 7,144 approved and experimental 
drugs from DrugBank database. The top hits 
were then docked to the enzyme target and their 
binding energies were calculated. Four compounds 
displayed greater inhibitory potential against MurE 
ligase compared to Fosfomycin, a drug known to act 
on structurally related MurA ligase. Three of the top 
hits possess a phosphate group and complement the 
defined binding site in MurE, which encompasses an 
ATP-binding pocket that sits between domains 2 and 
3 of the enzyme. The topmost hit was an experimental 
drug, 4-Phospho-L-Threonic acid (DB01756), which 
is a monosaccharide phosphate that reportedly acts 

on ribose-5-phosphate isomerase. Interestingly, 
3-Iodo-Tyrosine (DB01758), the only hit compound 
that does not contain a phosphate group, possesses 
the desirable properties of a drug-like molecule. 
The experimental drugs identified in this drug-
repositioning effort can be further explored for their 
inhibitory activity against MurE ligase, which is 
essential in bacterial cell wall biosynthesis.
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