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atics approaches to identify
potential hits against tetraacyldisaccharide 40-
kinase (LpxK) of Pseudomonas aeruginosa

Manoj G. Damale,ab Shahebaaz K. Pathan,a Rajesh B. Patil*c

and Jaiprakash N. Sangshetti *a

Pseudomonas aeruginosa infection can cause pneumonia and urinary tract infection and the management

of Pseudomonas aeruginosa infection is critical in multidrug resistance, hospital-acquired bacteremia and

ventilator-associated pneumonia. The key enzymes of lipid A biosynthesis in Pseudomonas aeruginosa are

promising drug targets. However, the enzyme tetraacyldisaccharide 40-kinase (LpxK) has not been explored

as a drug target so far. Several pharmacoinformatics tools such as comparative metabolic pathway analysis

(Metacyc), data mining from a database of essential genes (DEG), homology modeling, molecular docking,

pharmacophore based virtual screening, ADMET prediction and molecular dynamics simulation were used

in identifying novel lead compounds against this target. The top virtual hits STOCK6S-33288, 43621, 39892,

37164 and 35740 may serve as the templates for the design and synthesis of potent LpxK inhibitors in the

management of serious Pseudomonas aeruginosa infection.
1. Introduction

Pseudomonas aeruginosa is a ubiquitous, Gram-negative, rod-
shaped, single agellated bacterium species. It is found in
soil, water and air and can reside in a variety of environmental
conditions and grows in the optimal temperature range from
25 �C to 37 �C. It can cause infection to humans, animals and
plant species and particularly causes serious infections in
humans with inherently low immunity or suffering from either
cancer, TB, HIV or other any immune suppressed condition.
The infections include pneumonia, urinary tract infection, skin
and so-tissue infections.1

Around 10–15 nosocomial infections worldwide in intensive
care units in hospital setups are due to P. aeruginosa and the
worrisome concern is the higher mortality in these infections.
Further, the multi drug resistance the organism has acquired
over the period of time is a major concern in its treatment.2 The
systemic infection of P. aeruginosa is another challenging
infectious condition which is a severe condition and needs
timely intervention, quick clinical decisions and utilization of
diagnostic advancement to get satisfactory results. It is still
a major reason for deaths in hospital-acquired bacteremia and
estimated as third leading causes of death due to Gram-negative
Raq Zakaria Campus, Rauza Baugh,

angshetti@rediffmail.com

MS, India

t. Kashibai Navale College of Pharmacy,

1048, India. E-mail: rajshama1@yahoo.

32874
systemic infection.3,4 P. aeruginosa is also responsible in causing
ventilator-associated pneumonia (VAP) during prolonged
mechanical ventilation and prior antibiotic therapy in devel-
oped and developing countries.5,6 Thus, in recent years much
focus is seen to be given on various strategies in the manage-
ment of P. aeruginosa infections.2 Another major concern in P.
aeruginosa organism is its intrinsic and acquired resistance
mechanisms which further limits the choices of antimicrobial
therapy.7 In this context, understanding the mechanism of
multi-drug resistance and identifying newer druggable targets
in P. aeruginosa is better approach in drug design.8 The cell wall
in Gram-negative organisms like P. aeruginosa maintains the
shape, osmotic pressure and act as a barrier for transport of
macromolecules.9 The cell wall is composed of an only one layer
of peptidoglycan and surrounded by a membrane like structure
which is also known as outer membrane in Gram-negative
organisms. The outer membrane of Gram-negative bacteria
contains a unique component, called as lipo-polysaccharide
(LPS) which act as a barrier for the many external agents. LPS
consist of three segments, a polysaccharide core, an O-antigen
and lipid A. The polysaccharide core is made up of mono-
saccharide and an O-antigen segment is a linear 50–100
repeated units of monosaccharide. The lipid A segment, an
endotoxin of bacteria, is a phosphorylated at polyacylated end
of glucosamine containing long chain of statured fatty acids.
The lipid A is responsible for the pathogenic responses to
mammals where it induces the immune system of host cell.10–12

The enzymes involved in the biosynthetic pathway lipid A (Raetz
pathway) can be the potential targets in drug design.13,14

Further, the recent report of Gupta et al. pointed out number of
This journal is © The Royal Society of Chemistry 2020
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enzymes of lipid A biosynthetic pathway as potential drug
targets in pathogenic species of Leptospira.15 In the present
study, the key enzymes in lipid A biosynthesis pathway which
are essential for the cell wall synthesis and pathogenesis of
bacteria cell were explored as drug target.16 Lipid A biosynthesis
pathway starts with acylation of UDP-N-acetylglucosamine
(UDP-GlcNAc) with 3-hydroxymyristoate-acylcarrier-protein (3-
OH-c14-ACP) to form UDP-3-O-acyl-N-acetylglucosamine (UDP-
3-O-acylGlcNAc). This reaction is catalyzed by UDP-GlcNAc
acyltransferase (LpxA) (Fig. 1).

N-acetyl group undergoes deacylation in second step where
UDP-3-O-acylGlcNAc is deacylated to UDP-3-O-acyl-N-
glucosamine (UDP-3-O-acylGlcN) in presence of UDP-3-O-acyl-
N-acetylglucosamine deacetylase (LpxC). The UDP-3-O-acyl-N-
glucosamine so formed undergoes acylation at 2-OH group
forming UDP-2,3-diacylglucosamine (UDP-2,3-diacyl-GlcN) in
presence of another acetyltransferase (LpxD). It is converted
into 2,3-diacylglucosamine-1-phosphate (lipid X) and a hydro-
lase enzyme (LpxH) catalyze this conversion. A
tetraacyldisaccharide-1-phosphate is formed from condensa-
tion one unit of UDP-2,3-diacyl-GlcN and one unit of lipid X in
presence of LpxB enzyme. The lipid A 40-kinase (LpxK) transfers
the gamma-phosphate of ATP to the 40-position of a tetraa-
cyldisaccharide 1-phosphate intermediate to form tetraacyldi-
saccharide 1,40-bis-phosphate (lipid IVA). Further, through
sequence of few biosynthetic steps catalyzed by enzymes such as
KdtA, LpxL and LpxM the lipopolysaccharide KDO2-lipid A is
formed, where KDO is a 3-deoxy-D-manno-oct-2-ulosonic acid
unit.17–21 Some potent inhibitors of lipopolysaccharide biosyn-
thesis have been reported against LpxA, LpxC, LpxD and LpXH
of various bacterial species22–30 (Fig. 2).

The tetraacyldisaccharide 40-kinase (LpxK) of P. aeruginosa is
an important target in the biosynthesis of lipopolysaccharide.
The structure of LpxK was modeled and used in the design
novel natural compound analogues through docking based
virtual screening. The sequence of P. aeruginosa
Fig. 1 Lipid A biosynthesis pathway (Raetz pathway).

This journal is © The Royal Society of Chemistry 2020
tetraacyldisaccharide 40-kinase gene (EMBL-EBIID QHF88678)31

was used and its prole which includes the interactions and
protein features is available at UniProtKB database (Q9HZM3).32

Homology modeling is the best method to build the theoretical
models of proteins if experimentally solved crystal structures
are unavailable.33 These homology models can be used for
further molecular modeling purpose such as docking studies.
Here, the molecular docking method is one of the best methods
to understand the binding mode and the affinities of inhibi-
tors.34 Such molecular modeling approaches has been success-
ful for identication of many potential anti-cancer and
antibacterial agents.35–37 The results of the docking studies such
as lowest binding free energies and the structural requirement
to elicit the best binding affinity can be used in constructing the
pharmacophore.38 This Pharmacophore was subjected to virtual
screening to derive the promising hits.39 Further, the absorp-
tion, distribution, metabolism, elimination and toxicity
(ADMET) characteristics were investigated to assess the effects
and risk of the promising hits.40,41 Molecular docking studies
results can be augmented well with molecular dynamics simu-
lations wherein the detail investigation of binding modes and
prediction of binding affinities is possible.
2 Materials and methods
2.1 Homology modeling

MetaCycMetabolic Pathway Database (https://metacyc.org/) was
explored to identify the P. aeruginosa specic metabolic path-
ways.42–44 The choke point nder tool implemented in this
database was used to identify the key enzymes in these path-
ways. The essential genes and the corresponding metabolic
enzymes of P. aeruginosa were explored in the database of
essential genes (DEG) (http://www.essentialgene.org).45 The
sequence of the key metabolic enzyme thus identied was
retrieved from the Uniprot database (https://www.uniprot.org/
).46 The sequence was subjected to the BLASTP search to
RSC Adv., 2020, 10, 32856–32874 | 32857
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Fig. 2 List of lipopolysaccharide biosynthesis Inhibitors.
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identify the matching protein templates. These preliminary
investigations lead to the identication of tetraacyldisaccharide
40kinase (LpxK), the unique protein specic for the P. aerugi-
nosa. The sequence of the P. aeruginosa LpxK was subjected to
the similarity search in the Schrödinger Prime Module.47

Multiple template selection option with OPLS3e force led was
32858 | RSC Adv., 2020, 10, 32856–32874
used to generate the homology models.48 The sitemap module
of Schrödinger was used to identify the binding site. In this
module the atoms on the protein's surface were identied and
possible potential hydrophobic and hydrophilic regions were
assigned. The hydrophilic regions are further categorized as
hydrogen-bond donor, hydrogen-bond acceptor, and metal-
This journal is © The Royal Society of Chemistry 2020
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Fig. 3 Design strategy of LpxK inhibitors.

Table 1 Designed Pseudomonas aeruginosa LpxK inhibitors

Compound no. R1 R2

IMMD01 –H –CH2CH2OH
IMMD02 –OH –CH2CH2OH
IMMD03 –NH2 –CH2CH2OH
IMMD04 –SH –CH2CH2OH
IMMD05 CH3 –CH2CH2OH
IMMD06 –OCH3 –CH2CH2OH
IMMD07 –CF3 –CH2CH2OH
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binding regions. The resulting regions were clustered as
potential binding sites on the protein's surface. Ten potential
binding sites were identied and ranked on the basis of the
binding site volume and the top ranked binding site was used
for further studies.
IMMD08 –NO2 –CH2CH2OH
IMMD09 –COOH –CH2CH2OH
IMMD10 –COCH3 –CH2CH2OH
IMMD11 –COOCH3 –CH2CH2OH
IMMD12 –Cl –CH2CH2OH
IMMD13 –Br –CH2CH2OH
IMMD14 –F –CH2CH2OH
IMMD15 –CONH2 –CH2CH2OH
IMMD16 –H –CONHOH
IMMD17 –OH –CONHOH
IMMD18 –NH2 –CONHOH
IMMD19 –SH –CONHOH
IMMD20 CH3 –CONHOH
IMMD21 –OCH3 –CONHOH
IMMD22 –CF3 –CONHOH
IMMD23 –NO2 –CONHOH
IMMD24 –COOH –CONHOH
IMMD25 –COCH3 –CONHOH
IMMD26 –COOCH3 –CONHOH
IMMD27 –Cl –CONHOH
IMMD28 –Br –CONHOH
IMMD29 –F –CONHOH
IMMD30 –CONH2 –CONHOH
2.2 Examination of substrate analogue and designing
inhibitors

In order to design inhibitors of LpxK, active site analysis of
template protein (PDB ID: 4EHX) LpxK was done.49 The bound
substrate is piperazine based 4-(2-hydroxyethyl)-1-piperazine
ethanesulfonic acid which suggested that sulfate group of
piperazine core is bound to the side chains ARG72, ARG119 and
HIS143 residue of template LpxK active site. The sitemap
module of Schrödinger predicted the active site on modeled
LpxK with residues TYR28, VAL31, ARG35, ASN58, VAL61,
GLY62, THR64, LYS66, SER88, ARG89, GLY90, TYR91, GLU114,
PRO115, ARG72, ARG132, ASP151, ASP152, GLN155, HIS156,
LEU180, ARG186 and GLU187.50 The structural information of
piperazine based analogue from template and physicochemical
properties of active site residue were used to design the inhib-
itor compounds. The structural information of already known
LpxA, LpxC, LpxD, and LpxH inhibitors (Fig. 2) and the isosteric
replacement approach was also used to design the inhibitors as
This journal is © The Royal Society of Chemistry 2020
shown in Fig. 3. The core piperazine ring present in LpxK
inhibitor was replaced by imidazole ring. This replacement was
based on the isosteric similarity to the oxazoline ring in LpxC
inhibitors. Further, the bioisosteric groups,51 either hydroxyl
ethyl group as present in LpxK inhibitor or hydroxamic acid
group as present in LpxC inhibitor, were substituted at 2nd

position of the imidazole ring. The para substituted benzene
sulfonyl substituent inspired from LpxH inhibitor was used as
a substituent at 5th position of imidazole ring. Various substit-
uents which offers hydrogen bond donor or hydrogen bond
acceptor capabilities and which represent synthetically feasible
groups from Topliss tree52 were substituted at the para position
of benzene ring to arrive at the scaffold of designed LpxK
inhibitors.
2.3 Molecular docking

Molecular docking simulations were carried out on Schrödinger
Glide.53 The validated homology model of LpxK was curetted
RSC Adv., 2020, 10, 32856–32874 | 32859
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through structure preparation wizard.54 The binding site pre-
dicted through sitemap module was used for generating the
grid.50 The 2D structures of bound ligand 4-(2-hydroxyethyl)-1-
piperazine ethanesulfonic acid and designed inhibitors were
drawn with ligand preparation and library design wizard (Table
1).

The 2D structures were transformed to most stable 3D
conformers and subsequently energy minimized using OPLS3e
force eld.55 The ligand docking was carried out with
Schrödinger GlideXP module.56 The docked ligands where
scored and ranked as per their binding affinity score (G-score).
The accuracy of docking protocol was ensured through the
resulting root mean square deviations and deviations in dock-
ing scores.57
2.4 Pharmacophore modeling and virtual screening

The e-pharmacophore model was constructed from the top
ranked docked conformers of the designed inhibitors.58 The
structural and energy pharmacophoric features were obtained
from phasemodule of Schrödinger suite.59 The virtual screening
through phase module of the Schrödinger was carried out to
developed 3D-pharmacophoric model.60 The InterBioScreen
natural database (https://www.ibscreen.com/natural-
compounds) consisting of 60 000 natural compounds and
485 000 synthetic compounds was screened against this
pharmacophore.61
2.5 Enrichment calculation

The created hypothetic pharmacophore model was validated. In
this validation step whether the hypothetic pharmacophore
maps to the set of active ligands in a pool of active and inactive
ligands was investigated. In this the enrichment calculation was
carried out from a large decoy set and set of active ligands using
enrichment calculator tool of Schrödinger suite.62 The decoy set
of molecules were downloaded from Schrödinger decoy set
database (https://www.Schrödinger.com/glide) and molecular
weight of average 400 kDa was used for the enrichment calcu-
lation.63 In total, 1030 compounds, consisting of 1000 decoys
and 30 designed inhibitors were used to assess the selectivity
and specicity of hypothesized model. The parameters like
enrichment factor (EF) and receiver operating characteristic
Fig. 4 Sequence alignment of model and template.

32860 | RSC Adv., 2020, 10, 32856–32874
curve value (ROC) were calculated to check the accuracy of
pharmacophore model to identify the known actives.64
2.6 Prime MM-GBSA

Molecular Mechanical/Generalized Born Surface Area calcula-
tions (MM-GBSA) are more accurate approximations of binding
affinities and binding free energy estimates than the docking G-
scores estimated through Glide XP module. Prime MM-GBSA
(Molecular Mechanical/Generalized Born Surface Area) anal-
ysis module of Schrödinger suite was used to perform these
calculations.65 The MM-GBSA calculations are based on the
estimation of binding free energy in kcal mol�1 from the energy
for protein–ligand complex, ligand, and solvated protein.66,67

The screened hits with best glide XP G-score and lowest binding
free energies were subjected to ADMET andmolecular dynamics
simulation studies.
2.7 ADMET analysis

The ADMET screening involves the prediction of drug likeliness
and the pharmacokinetic prole of screened hits. The QikProp
module of Schrödinger suite was employed for the ADMET
screening for the predication of drug like properties.68 The most
informative properties such as partition coefficient (QP log Po/
w), water solubility (QP log S), the number of hydrogen bond
donor groups (HBD), the number of hydrogen bond acceptor
groups (HBA), molecular weight (MW), percentage human oral
absorption, predicted IC50 value for blockage of HERG K+

channels (QPlogHERG), Caco-2 cell permeability (QPPCaco),-
predicted brain/blood partition coefficient (QPlogBB), predicted
apparent MDCK cell permeability (QPPMDCK), predicted skin
permeability (QPlogKp) and number of violations of Lipinski's
rule of ve (rule of ve) were determined.69,70 Among the top 20
screened compounds, those compounds complying the Lip-
inski rule of ve for drug likeliness (molecular weight < 500,
HBD < 5, HBA < 10, and QP log Po/w < 5), and an acceptable
pharmacokinetic parameters were further considered.
2.8 Molecular dynamics (MD) simulation and MM-PBSA
calculations

MD simulations using Gromacs 4.5.6 (ref. 71 and 72) was
carried out on the top ranked hits with lowest binding free
This journal is © The Royal Society of Chemistry 2020
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Fig. 5 Structural alignment of homology model and template struc-
ture (A) all atom alignment (B) Ca backbone alignment.

Fig. 7 LpxK binding site residues predicted by sitemap finder module
of Schrödinger.
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energies and with acceptable ADMET. The production phase 25
nanosecond MD simulations were carried out on remote server
of the Bioinformatics Resources and Applications Facility
(BRAF), C-DAC, Pune.Gromos54a7 force eld73 was chosen to
generate the topology of the protein while the ligand topologies
were generated from ATB server.74,75 The system was solvated
using simple point charge (SPC216) model in a cubic unit cell
the system and neutralized with addition of appropriate ions
such as sodium and chloride. Steric clashes were removed
through unrestrained energy minimization of the system with
steepest descent criteria. Further, the system was equilibrated
with constant volume and the pressure position restraint
dynamics at constant temperature of 300 K for 100 picoseconds.
The 25 ns production phaseMD simulation was carried out with
all covalent bonds restrained with the LINCS algorithm.76

Particle Mesh Ewald method (PME)77 was used to control the
long range electrostatics such as Coulomb and Lennard Jones
interactions with the cutoff value of 12 Å. The analysis of MD
trajectories was carried out with respect to the root mean square
deviations (RMSD) in the protein atoms and atoms in hit
Fig. 6 Structure validation parameter Ramachandran plot and ProSa Z s

This journal is © The Royal Society of Chemistry 2020
molecules. Other analysis such as root mean square uctua-
tions (RMSF) in the residues, the frequency of hydrogen bonds
formed during progress of MD and the residues involved in
hydrogen bond interactions at various time intervals was
carried out. The molecular mechanics energies combined with
the Poisson Boltzmann surface area continuum solvation (MM-
PBSA) which uses trajectories at various time intervals and it is
more accurate than the MM-GBSA calculations of single
protein–ligand complex was also carried out to derive estimates
of binding free energies of each hit molecule.
3 Results and discussion
3.1 Homology modeling

The analysis of Metacyc metabolic pathways of P. aeruginosa
showed four unique metabolic pathways responsible for lipid
core of model structure.

RSC Adv., 2020, 10, 32856–32874 | 32861
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synthesis of cell wall which can serve as promising targets in the
drug design. Further analysis of these enzymes suggested that
the tetraacyldisaccharide-1-phosphate 40-kinase (LpxK) is an
essential enzyme in the synthesis of bacterial cell wall and it is
not expressed in Homo sapiens. This enzyme was also identied
as the key genes essential for the survival of the P. aeruginosa at
through the database of essential genes. The primary sequence
of the LpxK has 333 amino acids. The BLAST results suggest that
the template of the X-ray crystallographic structure of the LpxK
(PDB ID: 4EHX) has the sequence identity of 30% and positives
Table 2 Docking results

Comp. no.
Glide_XP docking
score (kcal mol�1) Interacting residues

IMMD01 �3.56 LYS66, SER88, ASP1
IMMD02 �3.49 ASN58, THR60, SER8

ASP152
IMMD03 �3.39 ALA32, ARG35, ARG

ARG186, GLU187
IMMD04 �2.80 ASN58, THR64, LYS6

ASP152
IMMD05 �3.49 LYS66, ARG89, GLU1
IMMD06 �3.65 ALA32, ARG35, ARG

GLU187
IMMD07 �3.49 ARG89, GLY90, TYR

ILE128, PRO130
IMMD08 �3.83 ALA32, ARG35, ARG

ARG186, GLN187
IMMD09 �4.40 ASN58, THR64, SER8

ASP151, ARG186
IMMD10 �4.57 TYR28, ALA32, ARG3

ARG186
IMMD11 �3.78 ALA32, ARG35, ARG1

ARG186
IMMD12 �4.01 ALA32, ARG35, HIS1
IMMD13 �3.99 ALA32, ARG35, HIS1
IMMD14 �3.72 ARG89, TYR91, GLU
IMMD15 �3.69 ASN58, SER88, ARG8

ASP152, ARG189
IMMD16 �4.22 LYS66, SER88, ASP1
IMMD17 �3.17 SER88, ARG89, GLY9
IMMD18 �3.48 HIS124, ASP150, ARG

LEU271
IMMD19 �4.09 ARG89, GLY90, TYR
IMMD20 �3.94 TYR28, ARG89, ARG1
IMMD21 �4.28 SER88, ARG89, GLY9
IMMD22 �4.40 VAL61, ARG89, GLY9

ARG186
IMMD23 �3.94 ASN58, THR64, LYS6

ASP152
IMMD24 �5.53 TYR28, ALA32, ARG3

HIS156, GLU187
IMMD25 �5.55 AGR89, GLY90, ASP1
IMMD26 �4.62 ARG89, GLY90, TYR
IMMD27 �4.12 ARG35, ARG89, PRO

ASP152, HIS156
IMMD28 �4.21 ARG89, GLY90, TYR
IMMD29 �3.30 ARG35, ARG89, ASP1

HIS156, ARG186
IMMD30 �6.63 SER88, AGR89, GLY9

32862 | RSC Adv., 2020, 10, 32856–32874
value of 49% with the best model. In order to build good
homology model of LpxK, multiple templates of known X-ray
crystallographic structure of Aquifex aeolicus (PDB ID: 4EHW,
4EHX and 4EHY) were used. The atomic resolution being the
key parameter for the selection of the template structures, these
template structures with atomic resolution 2.3, 1.9 & 2.2 Å were
found appropriate in building homology model of P. aeruginosa
specic LpxK. The similarity and identity was mapped with the
sequence alignment of template and homology model in
Schrödinger Prime STA Editor and the results are shown in
Kinds of interactions

H-Bond vdW Pi

51, ASP152 2 2 2
8, ARG89, ASP151, 3 2 2

89, ASP152, GLN155, 3 3 1

6, ARG89, TYR91, 2 2 2

14, ASP151, ASP152 3 2 2
89, ASP152, ARG186, 3 3 2

91, GLY92, THR97, 3 2 3

132, HIS156, 3 3 1

8, ARG89, GLY90, 3 4 1

5, ARG132, HIS156, 3 4 1

32, ASP152, HIS156, 3 4 1

56, ARG186, GLU187 2 3 2
56, ARG186, GLU187 2 4 2
114, ASP151 2 4 1
9, GLY90, TYR91, 3 2 2

51, ASP152 2 2 2
0, TYR91, ASP152 2 3 3
187, ARG269, 2 1 4

91, ASP151 2 2 3
32, ASP152, GLN155 3 3 2
0, TYR91, ASP152 2 2 2
0, ASP151, ASP152, 2 2 2

6, ARG89, TYR91, 2 4 3

5, ARG89, ARG132, 2 4 2

52, ARG186 2 2 3
91, ASP151 3 3 1
130, ARG132, 2 4 2

91, ASP151 2 2 1
52, GLN155, 2 2 3

0, ASP152, ARG186 4 4 3

This journal is © The Royal Society of Chemistry 2020
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Fig. 4. The modeled protein structure was further subjected to
loop renement and energy minimization using VSGB solvation
model and OPLS3e force eld.

The tools like Procheck, ProSA and SPDBV78–80 were used to
validate the built homology models. The Ca deviation and all
atom t was calculated in SPDBV tool and the values 0.6 and 0.3
Å respectively for thesemeasurements suggested that the model
structure is reasonably good for further computational studies.
The alignment of homology model and template structure is
shown in Fig. 5.

Further, the homology model was checked for the structural
integrity through the residue occupancies in Ramachandran
plot. It was found that 98.1% residues are in allowed region
(Fig. 6). ProSA-web server uses the atomic co-ordinates of each
residue of the protein and provides the Z score which is the
estimate of errors in experimental and theoretical models. This
score also provides the impetus on overall quality of model
protein which is determined on the basis of Z scores of all
experimentally solved protein structures. The Z score of �5.48
suggest overall good quality of model protein.

The residues TYR28, ASN58, THR64, SER88, ARG89, GLY90,
TYR91, GLU114, PRO115, ARG132, ASP151, ASP152, GLN155,
HIS156 and ARG186 were found as the key residues at the
binding pocket contributing in various types of interactions
(Fig. 7). The binding site of the model and template structures
correlated well in terms of the presence of these residues.
Fig. 9 3D-pharmacophoremodels of the top docked hit IMMD30 into
the active site of the homology model of the LpxH.
3.2 Molecular docking

The residues producing interactions with the bound piperazine
derivative at the binding site of LpxK were analyzed. All the
designed inhibitors were docked at the binding site of LpxK.
The results suggest that the residues TYR28, ASN58, THR64,
SER88, ARG89, GLY90, TYR91, GLU114, PRO115, ARG132,
ASP151, ASP152, GLN155, HIS156 and ARG186 are the key
residues at the binding pocket. These residues form the inter-
actions with the core scaffold of designed inhibitors. The details
of interacting residues and the type of key interactions along
with the structures of designed inhibitors are provided in the
Table 2.
Fig. 8 The binding pose and molecular interactions of inhibitor IMMD3

This journal is © The Royal Society of Chemistry 2020
Glide module uses an empirical scoring function called
GlideScore which approximates the ligand binding free energy.
In structure based drug design the choice of any tool used is
based on its reliability in predicting the binding affinities and
ligand binding free energies for ligand–receptor complexes.81,82

The imidazole analogue IMMD30 has the lowest binding free
energy �6.634 kcal mol�1. The –CONH2 substituent on phenyl
ring forms two hydrogen bond interactions, one between –NH2

of amide and SER88 and other between carbonyl oxygen of
amide and GLY90 (Fig. 8). The hydroxamic acid hydroxyl group
and amino group forms hydrogen bond with charged ASP152
residue. The residue ARG89 forms a salt bridge interaction with
deprotonated imidazole nitrogen and also a p–p stacking
interaction with imidazole ring. The residue Arg89 also forms
p–p stacking interaction with imidazole ring. These interac-
tions could be the key interactions necessary for LpxK inhibitory
potential.
3.3 Pharmacophore-model construction, enrichment
analysis and virtual screening

The pharmacophoric features have some functionality which
contributes in eliciting the activity of the inhibitors. The key
pharmacophoric features (ADDRR) such as the hydrogen bond
0 into the active site of the model structure of the LpxK.

RSC Adv., 2020, 10, 32856–32874 | 32863
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Fig. 11 Receiver operating characteristic (ROC) curve of generated e-
pharmacophore model (ADDRR).
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acceptor (A), hydrogen bond donor (D) and the aromatic ring (R)
responsible for the inhibitory activity were identied. The key
interactions the top ligands make at the binding site were
exploited to construct the pharmacophoric model. The set of
predened features such as, hydrogen bond donor (D),
hydrogen bond acceptor (A), aromatic ring (R) from the inter-
actions of most active designed ligand IMMD30 were exploited
(Fig. 9).

The results of the pharmacophore design suggest that the
designed ligand IMMD30 has four key pharmacoporic features
namely two aromatic ring sites (R12 & R13, designated as R), two
hydrogen bond donor (D7& D10 designated as D) and one
hydrogen bond acceptor (A, designated as A6). The two aromatic
rings sites are phenyl ring and imidazole ring respectively. The
hydrogen atoms of carboxamido –NH2 and hydroxamic acid
–OH group are donor groups while the carbonyl oxygen of car-
boxamido group is acceptor site. This pharmacophore was
subjected to virtual screening of InterBioScreen natural and
synthetic compounds database as per the protocol shown in
Fig. 10.

The enrichment calculator tool of Schrödinger suite was
used to verify the effectiveness of a ligand database screening
seeded with known actives. The enrichment factor score 98
suggests high predictive power of pharmacophore in predicting
actives from decoy set with high recovery rate. The further
validation of ROC parameter was done which focuses on
correlation between the sensitivity (true positive) and specicity
(false positive) of a test as shown in ROC plot in Fig. 11. The
ROC value of 0.96 indicates that the pharmacophore model has
a capacity to precisely predict the active molecules from diverse
set of molecules with desired inhibitory activity. The ROC curve
plot sharp progression indicates that model has the capacity to
predict the actives in the start of the screening process. More-
over, enrichment analysis suggests that pharmacophore model
is perfect for further virtual screening.
Fig. 10 Schematic representation of the virtual screening protocol.

32864 | RSC Adv., 2020, 10, 32856–32874
The pharmacophoric features the hydrogen bond acceptor
(A), two hydrogen bond donors (D) and two aromatic rings (AR)
were chosen as the ltering criteria during virtual screening.
The virtual screening experiment gave 102 hits with tness
score >0.999. These virtual hits were subjected to docking
studies. The top 20 hits with docking score < �4.0 (kcal mol�1)
were chosen for further studies (Table 3).

The structures of ve top virtual hits STOCK6S-33288, 43621,
39892, 37164 and 35740 are shown in Fig. 12. The virtual hits
STOCK6S-33288, 43621, 39892, 37164 and 35740 showed low
binding free energy of �6.79, �6.65, �6.63, �6.52 and
�6.28 kcal mol�1 respectively. These virtual hits were found
making hydrogen bond and hydrophobic p–p stacking inter-
actions with the residues HIS35, LYS44, GLY62, THR64, HIS86,
GLU87, SER88, ARG89, GLY90, TYR91, ARG132, ASP151,
ASP152, HIS156 and ARG186. These interactions with the
docked poses of the hit molecules at the binding site are shown
in Fig. 13.

The hits having the matching features of best docked ligands
may have the highest potential to inhibit the LpxK of the P.
aeruginosa. The docked conformer of the 5-(4-carbamoylbenze-
nesulfonyl)-N-hydroxy-1H-imidazole-2-carboxamideanalogue
IMMD30 with lower binding free energy and the docked pose of
the potential virtual hit STOCK6S-33288 at the binding site is
shown in Fig. 14.
3.4 Docking and MM-GBSA analysis

In order to predict binding mode and to calculate free energy of
binding of the top hits, docking studies were carried out GLIDE
module of the Schrödinger suite. Estimation of binding free
energies of highly exible protein–ligand complexes is very
challenging due to insufficient sampling of the system.83 The
methods such as molecular mechanics continuum solvent, the
linear interaction energy (LIE), free-energy perturbation (FEP),
and the thermodynamic integration (TI) approach are used in
binding free energy calculations.84,85 Especially, the statistical
This journal is © The Royal Society of Chemistry 2020
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Table 3 Systematic representation of in silico docking data of the top ranked virtual hits

S. no. Hits_ID
Glide_XP docking
score (kcal mol�1) Interacting residues

Kinds of interactions

H-Bond vdW Pi

1 STOCK6S-33288 �6.79 VAL61, SER88, ARG89, GLY90, TYR91,
PRO115 ASP151, ASP152

7 2 2

2 STOCK6S-43621 �6.65 VAL61, SER88, ARG89, GLY90, TYR91,
PRO115, ASP152

4 2 4

3 STOCK6S-39892 �6.63 SER88, ARG89, GLY90, ASP152, ARG186 3 2 3
4 STOCK6S-37164 �6.52 VAL61, SER88, ARG89, GLY90, TYR91,

PRO115 ASP151, ASP152
4 2 2

5 STOCK6S-35740 �6.28 SER88, ARG89, GLY90, TYR91, ASP152 3 3 3
6 STOCK3S-95781 �5.791 TYR28, ARG35, ARG89, ARG132, HIS156,

LEU180, PRO181, ARG186
3 2 4

7 STOCK4S-19314 �5.769 TYR28, ARG35, ARG89, ARG132, HIS156,
LEU180, PRO181, ARG186

2 2 9

8 STOCK4S-13117 �5.697 VAL31, ARG35, ARG89, ARG132, GLN155,
HIS156, ARG186

2 2 7

9 STOCK4S-16029 �5.644 TYR28, ARG35, ARG89, ARG132, HIS156,
LEU180, PRO181, ARG186

2 2 7

10 STOCK4S-14901 �5.619 VAL31, ARG35, ARG89, ARG132, HIS156 2 2 4
11 STOCK4S-09064 �5.599 GLY62, THR64, ARG89, ARG186 3 1 3
12 STOCK4S-09935 �5.556 ALA32, ARG35, ARG89, ARG132, HIS156,

GLU187
2 3 6

13 STOCK6S-33158 �5.555 LYS66, ARG89, GLY90, SER88, ASP151,
ASP152

3 3 1

14 STOCK3S-87292 �5.553 GLY62, LYS66, THR64, SER88, ARG89,
GLY90, TYR91, ASP152

3 4 2

15 STOCK4S-28410 �5.52 TYR28, ARG89, ARG132, HIS156,
LEU180, ARG186

1 1 7

16 STOCK4S-00141 �5.478 TYR28, ARG89, ARG132, HIS156,
LEU180, ARG186

1 1 8

17 STOCK3S-98611 �5.427 TYR28, ALA32, ARG35, ARG89, ARG132,
HIS156, ARG186

2 2 4

18 STOCK1S-95046 �5.425 ARG35, ARG89, ARG132, HIS156, ARG186 1 2 3
19 STOCK4S-20723 �5.394 VAL61, GLY62, THR64, ARG89, ARG186 2 2 2
20 STOCK4S-09935 �4.791 TYR28, ALA32, ARG35, ARG89, ARG132,

HIS156, ARG1861
2 2 3

Fig. 12 Structures of top five virtual hits.

This journal is © The Royal Society of Chemistry 2020
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mechanics and molecular dynamics based methods are known
to predict the binding free energies accurately.86–88 The glide G-
scores which is an approximation of binding free energy for top
ve hits in pharmacophore based virtual screening namely
STOCK6S-33288, STOCK6S-43621, STOCK6S-39892, STOCK6S-
37164, STOCK6S-35740 were �6.79, �6.65, �6.63, �6.52,
�6.28 kcal mol�1 respectively and comparably very close to the
reference compound IMMD30 with G-score �6.63 kcal mol�1.
These top ve hits were further subjected to MM-GBSA calcu-
lation to predict free energy of binging and the possible binding
affinity. The MM-GBSA binding energy estimate for IMMD30
was found the lowest (�80.17 kcal mol�1) and all the top hits
have the estimated binding free energies in the range �70.0 to
�75.49 kcal mol�1 (Table 4). These estimated binding free
energies suggest that the top hits may have good binding
affinity to LpxK enzyme of P. aeruginosa.
3.5 In silico ADME predictions

The prediction of drug likeliness of possible hit molecules is an
important step in drug discovery process. The physicochemical
RSC Adv., 2020, 10, 32856–32874 | 32865
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Fig. 14 The docked conformers of ligand IMMD30 (magenta) and top
virtual hit STOCK6S-33288 (blue) at the binding site.

Fig. 13 The binding pose of top hits at binding site, (A) STOCK6S-33288; (B) STOCK6S-43621; (C) STOCK6S-39892; and (D) STOCK6S-37164;
(E) STOCK6S-35740.
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properties that affect absorption, distribution, metabolism,
elimination and toxicity risk characteristics were studied and
are given in Table 5. QikProp module of Schrödinger predicted
32866 | RSC Adv., 2020, 10, 32856–32874
50 descriptors properties that affect the pharmacokinetic prole
of the drug like molecules including the properties such as
(molecular weight < 500, HBD < 5, HBA < 10, and log P < 5, TPSA
< 150). The hydrophobicity prediction (log Po/w value) was the
key parameter which is important aspect of absorption, solu-
bility and membrane permeability requirement for a potential
drug. For all the screened hits log Po/w value is in the permis-
sible range of �2.0 to 6.5. The availability of the drug to central
nervous system is key requirement for many disease conditions
and predicted CNS value for all screened hits lies in the range of
�2 (inactive) and +2 (active). Predicted IC50 value for blockage of
HERG K+ channels value is important inmetabolism of the drug
and it was found that all hits have blockage of HERG K+ chan-
nels value > �5. QPPCaco gives information about predicted
apparent Caco-2 cell permeability in gut-blood barrier for non
active drugs. The top screened hits were found having good
QPPCaco value > 25. The QPlogBB, QPPMDCK and QPlogKp
values give and information about lipophilic and lipophilic
properties of the drug molecules which is crucial for the
permeability of the drug across many cell membranes in the
body and it was found that QPlogBB, QPPMDCK and QPlogKp
values are within the permissible limits and hydrophilic nature
(Table 5). The human oral absorption and percentage of human
oral absorption values gives an idea about rate and amount of
absorption and bioavailability of the drug in the blood and it
This journal is © The Royal Society of Chemistry 2020
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Table 4 Docking scores, fitness scores, and energy involvement of IMMD30 and hit molecules against LpxH

Sr. no. Lead/hit Id
XP G_score
kcal mol�1

Glide energy
kcal mol�1

Glide gscore
kcal mol�1 Fitness score

Docking score
kcal mol�1

Binding energy/MM-GBSA
kcal mol�1

1 IMMD30 �6.63 �39.624 �6.63 1.50 �6.63 �80.17
2 STOCK6S-33288 �6.79 �30.994 �6.79 1.321 �6.79 �75.49
3 STOCK6S-43621 �6.65 �34.436 �6.65 1.286 �6.65 �70.48
4 STOCK6S-39892 �6.63 �32.958 �6.63 1.255 �6.63 �70
5 STOCK6S-37164 �6.52 �32.918 �6.52 1.211 �6.52 �70.58
6 STOCK6S-35740 �6.28 �33.184 �6.28 1.200 �6.28 �70.03
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was found that all the screened hits has medium to high rate of
oral absorption and high percentage of oral absorption.

3.6 Molecular dynamics simulation

Molecular dynamics simulation (MDS) is more accurate means
of obtaining greater insight into binding of ligand molecules to
Table 5 Pharmacokinetic parameters of virtual hits for good oral bioava

Title
QPlogPo/
w QPlogHERG QPPCaco QPlogBB QPPMDCK QPlogKp

STOCK6S-
33288

0.805 �4.139 114 �1.486 47.3 �4.55

STOCK6S-
43621

0.926 �4.292 95.3 �1.363 91.9 �4.77

STOCK6S-
39892

0.843 �4.322 101 �1.215 102 �4.64

STOCK6S-
37164

0.871 �4.351 106 �1.187 116 �4.6

STOCK6S-
35740

0.874 �4.52 104 �1.567 43 �4.47

STOCK3S-
95781

3.302 �3.946 17.5 �2.032 7.92 �4.35

STOCK4S-
19314

3.013 �3.884 19.2 �1.938 8.76 �3.97

STOCK4S-
13117

2.371 �2.874 21.5 �1.862 9.92 �4.31

STOCK4S-
16029

2.953 �3.841 15.4 �1.983 6.89 �4.53

STOCK4S-
14901

0.448 �4.699 59.2 �1.766 23.3 �4.73

STOCK4S-
09064

0.814 �1.707 7.51 �1.88 3.18 �5.56

STOCK1S-
49116

1.84 �2.884 24 �1.365 17.5 �4.53

STOCK6S-
33158

0.601 �4.19 109 �1.321 45.3 �4.56

STOCK3S-
87292

3.819 �5.242 525 �0.229 2668 �3.11

STOCK4S-
28410

2.417 �2.982 18.6 �1.998 8.5 �4.53

STOCK4S-
00141

3 �3.891 20.1 �1.837 9.2 �4.21

STOCK3S-
98611

1.445 �3.995 250 �1.198 111 �3.79

STOCK1S-
95046

1.511 �3.702 481 �0.316 856 �3.67

STOCK4S-
20723

0.687 �4.416 62.3 �1.761 24.6 �4.94

This journal is © The Royal Society of Chemistry 2020
the protein under investigation. Similar workow where
molecular docking and pharmacophore based virtual screening
is integrated with molecular dynamics simulations and Molec-
ular Mechanics Poisson-Boltzmann Surface Area (MM-PBSA)
free energy calculations has been employed by us in some
previous reports.57 The MDS studies provide the means of
ilability

#Metab QPlogKhsa HumanOralAbsp
%
HumanOralAbsp CNS RuleOfFive

3 �0.356 3 68.467 �2 0

2 �0.295 3 67.791 �2 0

1 �0.346 3 67.717 �2 0

1 �0.329 3 68.283 �2 0

2 �0.315 3 68.189 �2 0

3 0.262 2 68.509 �2 0

3 0.067 2 67.541 �2 0

3 �0.174 2 64.677 �2 0

3 0.176 2 65.466 �2 0

1 �0.382 3 61.296 �2 0

2 �0.492 2 47.384 �2 0

2 �0.279 2 62.413 �2 0

2 �0.319 3 66.963 �2 0

0 0.498 3 100 2 0

2 �0.129 2 63.838 �2 0

3 0.149 2 67.815 �2 0

5 �0.192 3 78.337 �2 0

1 �0.194 3 83.797 2 0

2 �0.298 3 63.083 �2 0

RSC Adv., 2020, 10, 32856–32874 | 32867
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Fig. 15 Root mean square deviation (RMSD) in LpxK protein atoms with bound five top hits and IMMD30.
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exploring conformational sampling over a long period during
which the exibility in ligand atom and protein backbone and
side chain atoms can be explored. Further, this conformational
sampling can be exploited in deriving the energy of protein,
ligand and protein–ligand complex under solvated conditions
which can be useful in estimating the binding free energy and
binding affinity. In present study, a 25 nsMDS was performed to
evaluate the conformational stability and binding affinity of the
top ve hits (STOCK6S-33288, STOCK6S-43621, STOCK6S-
39892, STOCK6S-37164, STOCK6S-35740) to LpxK and results
were compared with the best designed ligand (IMMD30).
Fig. 16 Root mean square deviation (RMSD) in atoms of hit molecules a

32868 | RSC Adv., 2020, 10, 32856–32874
During MDS, the each complex was subjected to initial mini-
mization step and subsequent equilibration steps at constant
pressure and temperature conditions which ensured relieving
the steric clashes and optimized conditions of bonds. Aer 25
ns production phase MDS, the binding modes, formation of
hydrogen bond, p–p interactions and van der Waals interac-
tions between ligands and protein atoms were analyzed. The
parameters; root mean square deviation (RMSD), root mean
square uctuation (RMSF), hydrogen bond formation and MM-
PBSA binding free energies were studied on the resulting
trajectories of each complexes.
nd IMMD30.

This journal is © The Royal Society of Chemistry 2020
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Fig. 17 RMSF in residues (A) combined plot and (B) the plot isolated for each complex.
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The measurement of protein-RMSD and ligand-RMSD is
fairly good estimate of conformational stability of protein and
ligands. It involves measurement of the deviations in mean
positions of protein atoms or ligand atoms. Lower deviations
indicate better conformational stability. The RMSD analysis
showed that the complexes of LpxK with STOCK6S-33288
(Fig. 15, black) and STOCK6S-43621 (Fig. 15, magenta) are
quickly stabilized at around 5 ns and almost remain stable
throughout the entire 25 ns simulation with average RMSD of
Fig. 18 Number of hydrogen bonds formed. (A) STOCK6S-33288, (
STOCK6S-43621 and (F) IMMD30.

This journal is © The Royal Society of Chemistry 2020
0.49 nm for both the complexes. For the complexes with hits
STOCK6S-35740 and STOCK6S-39892 the RMSD gets stabilized
at around 15 ns simulation time then aer remains stable and
the average RMSD values were 0.53 and 0.55 nm respectively.
Interestingly, the RMSD for the designed compound IMMD30
and STOCK6S-37164 was found higher with average of 0.60 and
0.61 nm respectively. These results of RMSD in LpxK protein
atoms suggest that the compounds STOCK6S-33288 and
B) STOCK6S-35740, (C) STOCK6S-37164, (D) STOCK6S-39892, (E)

RSC Adv., 2020, 10, 32856–32874 | 32869
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Fig. 19 The residues involved in hydrogen bond formation. (A) STOCK6S-33288, (B) STOCK6S-35740, (C) STOCK6S-39892, (D) STOCK6S-
43621 and (E) IMMD30.
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STOCK6S-43621 promote the conformational stability and
probably due to more favorable interactions.

The measurement of RMSD in ligand atoms is also impor-
tant in judging the overall stability of the protein–ligand
complexes. The hit molecules STOCK6S-33288, STOCK6S-
39892, STOCK6S-37164, STOCK6S-35740 were found having
Fig. 20 Per residue hydrogen bond percentage.

32870 | RSC Adv., 2020, 10, 32856–32874
small deviation of around 0.005 to 0.1 nm, where as the hit
molecule STOCK8S-43621 and IMMD30 were having slightly
higher RMSD in the range 0.1 to 0.2 (Fig. 16). These results
suggest that the hit molecules produce favorable interactions at
the binding site of LpxK.
This journal is © The Royal Society of Chemistry 2020
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Table 6 MM-PBSA calculations for hit molecules

Compound ID
van der Waals energy
(kJ mol�1)

Electrostatic energy
(kJ mol�1)

Polar solvation energy
(kJ mol�1)

SASA energy
(kJ mol�1)

Binding energy
(kJ mol�1)

STOCK6S-33288 �109.858 (�9.752) �14.372 (�15.368) 95.093 (�16.497) �11.825 (�0.881) �40.962 (�17.371)
STOCK6S-35740 �75.878 (�11.490) 2.104 (�5.147) 20.367 (�23.140) �8.529 (�1.408) �61.936 (�20.454)
STOCK6S-37164 �73.245 (�16.895) �20.606 (�17.471) 69.414 (�35.946) �8.121 (�2.357) �32.558 (�13.881)
STOCK6S-39892 �64.993 (�14.371) �8.080 (�13.821) 32.983 (�26.411) �7.887 (�1.645) �47.977 (�22.513)
STOCK6S-43621 �88.704 (�19.117) �16.240 (�9.461) 88.795 (�40.120) �9.596 (�1.906) �25.746 (�23.271)
IMMD30 �110.532 (�16.625) �73.436 (�13.572) 216.123 (�29.385) �14.098 (�1.517) 18.056 (�14.767)

Fig. 21 Contribution of binding free energy for each hit compounds and IMMD30 during MDS.
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The elasticity of the protein residues from their center of
mass is estimated through RMSF measurement. The RMSF for
individual amino acids correlates with the trend observed in
RMSD of complexes (Fig. 17). It is evident that there are uc-
tuations in the residues 96 to 116, 196 to 216 and 236 to 296.
These residues are present in the binding site of LpxK and the
uctuations in these amino acid residues suggest the critical
interactions between these residues and the atoms of hit
compounds.

The non bonded interactions such as hydrogen bond interac-
tions between the hit compounds and the residues at the binding
site of the LpxK is another important parameter in the judging
and estimating the binding affinity and activity of the ligand.
More the number of hydrogen bonds formed during MDS and
longer the life time of such hydrogen bonds more will be the
binding affinity and consequent stability of the resulting protein–
ligand complex. The hydrogen bond formation phenomenon was
critically evaluated for all the complexes. Maximum number of
hydrogen bonds formed during the progress of production phase
MDS were 5, 3, 6 and 9 in case of STOCK6S-33288, STOCK6S-
37164, STOCK6S-43621 and IMMD30 respectively (Fig. 18). In case
of complex with STOCK6S-39892 and STOCK6S-35740 the
maximum hydrogen bonds were 3 and 2 respectively.
This journal is © The Royal Society of Chemistry 2020
Which residues are important in hydrogen bond formation
was investigated further with PyContact program.89 The resi-
dues HIS140, TYR75, ASP136, GLN139, ARG116, PRO165,
TYR12, ASP135, TYR75, ARG73, ARG170 were found making the
hydrogen bond interactions with the atoms of hit molecules
and IMMD30 (Fig. 19). These results are supporting the docking
studies where the same residues were predicted to be the key
residues.

Further investigation of the percentage of hydrogen bond
formation reveled that in case of STOCK6S-33288 the residue
PRO114 is the main residue making the key contact; while in all
other compounds the residues TYR75, GLU94, GLY46, ASP135
are the key residues (Fig. 20).

MM-PBSA calculations based on extracted MDS trajectories
is another important measurement in analyzing the binding
free energy and the binding affinity of ligands to proteins. The
g_mmpbsa program was used to calculate the van der Waal
energy, electrostatic energy, polar solvation energy, SASA energy
and binding energy (Table 6). The results show that compound
STOCK6S-35740 has lowest binding free energy
(�61.9 kJ mol�1). The lowest binding free energy may be due to
in part it has lowest polar solvation energy (20.6 kJ mol�1) as
compared to other compounds. Polar solvation energy being
RSC Adv., 2020, 10, 32856–32874 | 32871
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greatest for compound IMMD30 (216.1 kJ mol�1), it has higher
binding free energy (18.0 kJ mol�1). All other hit compounds
have lower binding free energy and favorable affinity in terms of
negative magnitude of binding free energy. The plot of binding
energy versus the time steps in MDS (from the trajectories
extracted at various time intervals) is shown in Fig. 21. The
results of MM-PBSA calculation suggest that the all the hit
compounds have favorable binding energy and in turn binding
affinity and are predicted to be better inhibitors of LpxK.

4. Conclusion

The comparative pathway analysis of metabolic pathway of P.
aeruginosa helped in nding the unique metabolic pathway,
lipid A biosynthesis pathway, which is responsible for cell wall
synthesis in the P. aeruginosa. Careful analysis of the reported
inhibitors of some enzymes of this pathway prompted us to
implement a novel pharmacoinformatic approach on a key
enzyme LpxK, which is not still explored to best of our knowl-
edge. Tetraacyldisaccharide 40-kinase (LpxK) is essential for
bacterial survival and inhibitors of this enzyme can give
potential antibacterial compounds effective against P. aerugi-
nosa. In pursuit of nding such inhibitors, the variety of
rational drug design approaches were carried out. The
homology model of LpxK specic to P. aeruginosa was modeled
and validated. From the currently known inhibitors of LpxA,
LpxC, LpxD and LpxD, new inhibitors specic for LpxK were
designed and their inhibitory potential was validated through
docking studies. The pharmacophore model based the most
active designed compounds was built and validated for the
inhibitory potential. This pharmacophore was subsequently
used to screen the InterBioScience database of natural and
synthetic compounds, which gave the 102 top hits. Amongst
these, top 5 hits and the most active designed compound was
subjected to molecular dynamics studies. The results of MDS
suggested that all the potential hits, STOCK6S-33288, STOCK6S-
35740, STOCK6S-37164, STOCK6S-39892, STOCK6S-43621 have
the better binding affinity towards LpxK and have the lowest
binding free energy in MM-PBSA energy estimates. The virtual
hits STOCK6S-33288 and STOCK6S-35740, which are the tri-
azole derivatives could serve as a lead for further development
of potential inhibitors of the P. aeruginosa specic LpxK. These
virtual hit could be potentially benecial in multidrug resis-
tance, hospital-acquired bacteremia and ventilator-associated
pneumonia due to underlying P. aeruginosa infections.
However, this requires further experimental studies to support
the molecular modeling results.
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