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Abstract
Mycobacterium leprae, an infectious agent of chronic infection so-called Leprosy. It is a prime healthconcern in various 
countries including India. India is currently running one of the extensive leprosy eradication programs in the globe, named 
as the National Leprosy Eradication Program (NLEP). Still, the situation is getting substandard because of the emergence of 
resistant strains. In the present study, newer approaches –like computational subtractive proteomics and reverse vaccinology 
has been applied in order to find out probable drug targets and vaccine candidates. The systematic workflow of the current 
study consists of a computational approach, where complete proteome of the bacteria is gradually reduced to find out few 
unique probable drug targets and reverse vaccinology, to find out probable vaccine antigens. Reverse vaccinology approach 
does not require a pathogen to be grown in the laboratory, encouraging its application to microorganisms that may not be 
easily cultivated like M. leprae but at least have an accessible genome sequence. This approach facilitates an easier and 
productive process ofantigen discovery. Results from the present study could facilitate selecting M. leprae proteins for drug 
design as well as vaccine production pipelines in the future.
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Introduction

Leprosy is a chronic infectious peripheral neuropathy caused 
by Mycobacterium leprae. The different types of clinical 
presentations of the disease (Leprosy) are determined by the 
grade of the host immune response (Nascimento 2013). It is 
also known as Hansen’s disease, named after Hansen, who 
is credited with the discovery of M. leprae in 1873 (Mar-
mor 2002). It is a serious health concern in economically 
poor countries of Africa, Asia and Latin America (Uddin 
et al. 2016). It damages peripheral nerves and also affects 
the skin, eyes, nose and muscles. Nerve injury in leprosy can 
cause chronic disabling deformities. According to the official 
reports received from 138 countries from all WHO regions-
The worldwide registered prevalence of leprosy at the end of 
2015 was 176,176 cases (0.2 cases per 10 000 people). The 
number of new cases reported globally in 2015 was 211,973 
(2.9 new cases per 100 000 people). World Health Organi-
zation reported 216,108 cases in 2016 and an increase of 
20,765 cases in 2017. The number of new cases every year 
indicates the degree of continual transmission of infection. 
India is currently running one of the largest leprosy eradica-
tion programs in the world, the National Leprosy Eradication 
Program (NLEP). Still, 1.2–1.3 hundred thousand new cases 
of leprosy reported every year, 58.8% of the total amount 
of new cases reported every year (Lavania et al. 2018). The 
mode of transmission of leprosy is not well understood, 
although it is probably person to person via nasal droplets 
(Hatta et al. 1995). According to the World Health Organi-
zation, at present leprosy is treatable with multi-drug ther-
apy, which involves three drugs to kill the pathogen and 
cure the victim. M. leprae had mutational changes in some 
of their genes like gyrA, rpoB, and folP which developed 
resistance against drugs like newer quinolones, rifampicin, 
and dapsone. Resistant strains of M. leprae appeared due 
to mutations in the macrolide target, the ribosome. This 
finding proposes the emergence of multidrug-resistant M. 
leprae. Hence the mycobacterial cell wall with its specific 
composition and structure is referred to be a major factor in 
promoting the natural resistance of mycobacteria to various 
antibiotics (Shanmugam and Natarajan 2010). The alarming 
emergence of the drug resistance strains among many bacte-
rial diseases including the M. lepraeposes a big challenge 
to find effective cures since the existing drugs are no more 
active (Matsuoka et al. 2010).

Our study describes the identification of potential drug 
targets and vaccine candidates within the protein-pool 
belong to the unique metabolic pathway of M. leprae. The 
extensive application of computational methods provides 
an effortless way to identify the epitopes of high antigenic 

properties (Khan et al. 2019). Since the proposed drug tar-
gets and vaccine candidates are non-homologous to the 
human host, therefore, reducing conflicts related to any side 
effects associated with the inhibition of their activities. It is 
expected that the drugs developed against identified targets 
will be specific to the pathogen and of minimal toxicity for 
the host (Khan et al. 2019).This study is unique as we are 
quite assured that the study will move forward the research 
in a new and effectual direction to cure the deadly disease 
caused by M. leprae (Leprosy).

Materials and Methods

Bacterial Strain

The highly virulent strain M. leprae TN was chosen for this 
in silico analysis. The genome of bacterial strain is available 
on the NCBI database with accession number AL450380 
and also listed in the Vaxign program used in the current 
study.

Subtractive Proteomic Analysis for Identification 
of Unique Metabolic Pathway

A database named Kyoto Encyclopedia of Genes and 
Genomes (KEGG) (Kanehisa and Goto 2000) employed 
to gain information about different metabolic pathways of 
M. leprae TN. Subtractive proteomic analysis, in which the 
complete proteome of the bacteria is step-wise reduced to a 
few novel protein targets, which are mandatory for the sur-
vival of bacteria. For the identification of unique metabolic 
pathways, a manual comparative analysis was performed.

Prediction of Subcellular Localization

Prediction of selected proteins subcellular localization was 
done by using PSORTb version 3.0 (Yu et al. 2010), it pre-
dicts results for different subcellular localization like cell 
wall, cytoplasmic membrane, and extracellular and unknown 
as well and CELLO2GO (Yu et al. 2014) web-based system, 
which is publically available for screening of various proper-
ties of a query protein and its subcellular localization.

Functional Family and Conserved Domain 
Prediction

SVM-Port web-based server has been employed for the pre-
diction of protein functional families. SVM-Prot is a server 
for the classification of a protein into its all major functional 
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classes (Cai et al. 2003). Conserved domain identification 
was done by using NCBI CDD (A Conserved Domain Data-
base for the functional annotation of proteins) (Marchler-
Bauer et al. 2014), The results were cross-checked by Inter-
ProScan (Zdobnov and Apweiler 2001) and Pfam (Bateman 
et al. 2004).

Protein–Protein & Chemical‑Protein Interaction 
Network Mapping

The prediction of protein–protein interaction was done by 
using the STRING database (Szklarczyk et al. 2014). The 
chemical-protein Interaction network was predicted via 
STITCH (Kuhn et al. 2011), which is a sister project of the 
protein–protein interactions server STRING.

Membrane Protein Pre‑selection

Vaxign (He et al. 2010) was employed to shortlist proteins 
with potential as vaccine candidates based on their cellular 
localization, number of transmembrane helixes and probabil-
ity of having adhesin-like characteristics. Vaxign containing 
396 genomes list at present, along with fifteen Mycobac-
terium genomes. The probability of adhesion like charac-
teristics is predicted by SPAAN software (Sachdeva et al. 
2004) and the prediction of transmembrane helix topology is 
done by using Constrained Consensus Topology prediction 
SERVER, CMTOP (Käll et al. 2007).

Protein Antigenicity

VaxiJen v2.0 (Doytchinova and Flower 2007) was utilized to 
predict protein antigenicity. This software requires FASTA-
submitted amino acid sequences and uses the physicochemi-
cal properties of proteins to predict their antigenicity. This 
feature is denoted according to an antigenic score respec-
tively (Meunier et al. 2016).

B‑Cell Epitope Prediction

BCPreds software (El-Manzalawy et al. 2012) was employed 
to identify B-cell epitopes in submitted amino acid 
sequences in FASTA format. This program provides two 
methods based on two different algorithms: first is (AAP) 
method and the BCPreds method using string kernels. These 
methods predict antigenic linear non-overlapping 20-mer 
epitopes from the whole antigen. Each selected protein was 
analyzed and B-cell epitopes with a score of about > 0.8 
were accepted (specificity > 80%).

Trans Membrane Helix Topology and Signal Peptide 
Prediction

Transmembrane helices topology has been predicted via 
Phyre2 (Kelley and Sternberg 2009). Signal peptide predic-
tion was predicted done by using SignalP 4.1 Server. Active 
binding pockets of proteins were analyzed via CASTp (Com-
puter Altas of Surface Topography of proteins) (Dundas 
et al. 2006).

Table 1  Selected unique non-homologous proteins from LAM-pathway

S. No. Non homologous 
essential protein 
targets from 
unique pathways

Gene name Associated meta-
bolic pathways

Uniprot Id AA Length PDB ID Mod-
base 
models

Sub-cellular 
localization

NCBI BLAST _P

1 Phosphatidyl-
myo-inositol 
alpha-manno-
syltransferase

Pim A LAM biosyn-
thesis

O07147 374 Yes Yes Cytoplasmic Hit

2 Phosphatidyl-
myo-inositol 
dimannoside 
synthase

Pim B LAM biosyn-
thesis

Q7AQE2 384 No Yes Cytoplasmic No hit

3 Phosphatidylino-
sitol dimanno-
side acyltrans-
ferase

2.3.1.265 LAM biosyn-
thesis

Q7AQJ0 320 No Yes Cytoplasmic No hit

4 Alpha-1,2-man-
nosyltransferase

Pim E LAM biosyn-
thesis

Q9CBX0 430 No Yes Inner membrane No hit

5 Mannosyltrans-
ferase

CAP A LAM biosyn-
thesis

Q9CC27 527 NO YES Membrane No hit
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Homology Modeling and Structure Validation

For modeling of proteins, the sequences of proteins were 
retrieved from the UniprotKB protein sequence database and 
different templates were identified using PSI-BLAST against 
the RCSB (PDB). 3D-models were built using Swiss- Model 
Workspace (Arnold et al. 2006), accessible via the ExPASy 
web-based server. Validation of the model was done with 
the help of online tools like- ERRAT (Colovos and Yeates 
1993), Verify3D (Eisenberg et al. 1997) and PROCHECK 
(Laskowski et  al. 1993) available at the SAVES server. 
Ramachandran plots of preselected proteins were generated 
via PROCHECK. The ERRAT server provides the overall 
quality factor. Protparam server was employed for physio-
chemical property prediction.

Molecular Docking

The modeled proteins under our study were docked with 
their respective chemical ligands for their interaction study 
using AutoDock4.2.5.1 (Morris et al. 2009). The structures 
of chemical ligands were shown in Supp. File Fig. 1. Pre-
docking preparation was carried out for ligand preparation, 
the energy minimization through USCF Chimera (https ://
www.cgl.ucsf.edu/chime ra/). AutoDock involves an empiri-
cal free energy force field with a Lamarckian Genetic Algo-
rithm. Only Polar hydrogen was added to the protein and 
Kollman and Gastegier charges were assigned. The spacing 
between grid points was set to default value of 0.558 Å. The 
grid size selected for docking was huge enough to include 
all the domains of protein. A total of 50 independent runs 

Fig. 1  Protein–protein interaction network mapping- predicted via STRING database: a Phosphatidyl-myo-inositol dimannoside synthase. b 
Phosphatidylinositol dimannosideacyltransferase. c Alpha-1,2-mannosyltransferase. d Mannosyltransferase

https://www.cgl.ucsf.edu/chimera/
https://www.cgl.ucsf.edu/chimera/
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were performed with a step sizes of 0.2 Å for translations 
and 50 for orientations and torsions. The maximum number 
of generations was set to 1000 and maximum number of top 
individuals that automatically survived was set to 1 with 
mutation rate of 0.02, crossover rate of 0.8, cluster tolerance 
0.5 Å, external grid energy 1000.0.

Molecular Simulation

The simulation was executed with GROMACS 2018.1 pack-
age with the force field as Gromos43a1. The protein salva-
tion was executed with SPC water model in a cubic box 
(10.8 × 10.8 × 10.8  nm3). The solvated system of protein was 
processed for energy minimization using the steepest algo-
rithm up to a maximum 25,000 steps or until the maximum 
force (Fmax) is not greater than 1000 kJ/ mol nm which 
is the default threshold. The NVT and NPT ensembles for 
50,000 steps (100 ps) at 300 K and 1 atm. Here, the sys-
tem was firstly equilibrated using NVT ensemble followed 
by NPT ensemble. Then after the final Molecular Dynamic 
Simulation dock complex of phosphotidylmyo inositol 
dimannoside synthase with d-mannosamine and phospho-
tidylinositol dimannoside acyltransferase with 6-O-palmi-
toyl-alpha-d-mannopyranoside. Finally, the simulations were 
evaluated RMSD and RMSF were calculated for complete 
episode of simulations. The protein–ligand simulation of 
docked protein was also performed to study interaction pat-
tern of ligands and change in protein after molecular docking 
with respective ligand. The all steps are kept similar except 
the final the molecular dynamics simulation was carried out 
for 50 ns long.

Results

Identification and Selection of Unique Metabolic 
Pathway and Non‑homologous Proteins

Knowledge regarding the different metabolic pathways of 
M. leprae and its human host is gained from the KEGG 
pathway database. Manual comparative analysis is per-
formed in order to identify unique pathways of M. leprae 
and out of 100 metabolic pathways of M. leprae, 29 path-
ways were found to be unique (that is absent in H. sapi-
ens). It was reported earlier that the immunomodulatory 
properties of LAM (Lipoarabinomannan) and related gly-
colipids contribute to the survival of M. leprae the causa-
tive agent of leprosy (Information available on KEGG 
Database). Because of this critical role, the LAM pathway 
was selected as the target pathway for drug and vaccine 
candidate’s prioritization in our study (Supp. File Fig. 4). 
Proteins involved in the LAM pathway were searched via 
NCBI BLASTp search tool against the human proteome. 
Only four proteins were found unique comparative to 
human proteome and so these four proteins selected for 
further study (Table 1).

Prediction of Sub‑Cellular Localization

Localization prediction was implemented in the present 
study to prioritize promising drug target and vaccine candi-
dates. All selected four non-homologous proteins involved 
in the LAM pathway were exposed to the prediction of 

Table 2  Protein–protein interaction network mapping- predicted via STRING database

S. No. Protein Function Predicted functional partners Homology score

1 Phosphatidyl-myo-inositol dimannoside synthase Glycosyltransferase Lipid A biosynthesis lauroylacyltr
ansferase(ML0453)

0.744

2 Phosphatidylinositol dimannosideacyltransferase Lipid A biosynthesis 
lauroylacyltransferase

Glycosyltransferase(PIM A) 0.975

3 Alpha-1,2-mannosyltransferase Mannosyltransferase Hypothetical protein(ML0451) 0.746
4 Mannosyltransferase Hypothetical protein ABC transporter(ML0848) 0.714

Table 3  The prediction of trans-membrane helices, antigenicity and threshold values of proteins

S. No. Protein Trans-membrane Antigenicity Epitope prediction Threshold

Helices Epitope length Classifier 
specificity

1 Alpha-1,2-
mannosyltransferase

9 0.5134 (Probable ANTIGEN) 20 20 0.4

2 Mannosyltransferase 11 0.4463 (Probable ANTIGEN) 80% 80% 0.4
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Fig. 2  Phyre2 topology prediction (transmembrane helices have been predicted and adopted topology is shown above for membrane protein a 
(Alpha-1,2-mannosyltransferase) b (Mannosyltransferase)

Fig. 3  Prediction of signal peptide: presence of signal peptide predicted in alpha-1,2-mannosyltransferase via SignalP 4.1 Server
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Table 4  Representing template ID, organism, sequence identity, GMQE and QMEAN score of modeled proteins

Details Phosphatidyl-myo-inositol 
dimannoside synthase

Phosphatidylinositol diman-
nosideacyltrans ferase

Alpha-1, 2-mannosyltrans-
ferase

Mannosyltransferase

Template ID 3okp.1.A 5oce.1.A 3rce.1.A 5ezm.1.A
Organism Corynebacterium glutami-

cum
Mycobacterium smegmatis Campylobacter lari Cupriavidus metallidurans

Sequence identity 50.68% 70.41% 8.33% 12.35%
GMQE 0.78 0.76 0.03 0.07
QMEAN − 1.40 0.18 − 2.75 − 3.65
Oligo-state Monomer Monomer Monomer Monomer
Description GDP-mannose-dependent 

alpha-(1–6)-phosphati-
dylinositol monomannoside 
mannosyltransferase

Phosphotidyl innositol man-
noside acyltransferase

Oligosaccharide transferase 
to N-glycosylate proteins

4-amino-4-deoxy-l-arabonose 
transferase or related gly-
cosyltransferases of PMT 
family

Fig. 4  Modelled protein structures: a Phosphatidyl-myo-inositol dimannoside synthase b Phosphatidylinositol dimannosideacyltransferase c 
Alpha-1,2-mannosyltransferase d Mannosyltransferase
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subcellular localization by employing PSORTb version 3.0 
and CELLO2GO (Table 1). The subcellular localization of a 
protein can provide information about its function (Yu et al. 
2004) and also cytoplasmic or membrane localization of the 
target proteins helps to determine the ease of purification 
steps to be followed in the study (Yu et al. 2004). The mem-
brane proteins alpha-1,2-mannosyltransferase and mannosyl-
transferase were selected as vaccine candidate identification; 
cytoplasmic proteins phosphatidyl-myo-inositol dimanno-
side synthase and phosphatidylinositol dimannoside acyl 
transferase were selected as drug target proteins for further 
respective characterization in the current study.

Drug Target and Vaccine Candidate’s Prioritization

We performed several systematic steps in order to char-
acterize drug targets as well as vaccine candidates. This 
step involves the use of several bioinformatics tools, 
databases as well as target prioritization parameters. For 
drug target prioritization, conserved domain identification 
was performed using NCBI CDD (A Conserved Domain 

Database for the functional annotation of proteins). All 
selected proteins were found conserved in different strains; 
results were cross analyzed by InterProScan and Pfam. 
Protein–protein interaction was predicted done by using 
the STRING database, the outcome is shown in Fig. 1 
and Table 2. Along with this, the chemical-protein inter-
action network was also predicted via STITCH (Search 
Tool for Interactions of Chemicals). Protein functional 
families were predicted through (SVMProt server) data 
available for all three proteins except (phosphatidylinosi-
tol dimannosideacyltransferase). Active binding pockets 
of proteins were analyzed via CASTp (Computer Altas 
of Surface Topography of proteins). The CASTp result 
revel that a total 67,235 and 16 number of pockets are pre-
sent in phosphatidyl-myo-inositol dimannosidesynthase, 
phosphatidylinositol dimannosideacyltransferase, alpha-
1,2-mannosyltransferase, and mannosyltransferase respec-
tively (Supp. File Fig. 2). Out of these pockets, the largest 
pocket has a surface area of 817.266, 1334.289, 21.861, 
275.998 and volume 1060.502, 1175.936, 5.941, 156.827 
for protein phosphatidyl-myo-inositol dimannoside 

Table 5  Physio-chemical 
characterization of modeled 
selected proteins of M. leprae 

S. No. Properties Prediction

Protein 1 Protein 2 Protein 3 Protein 4

1 Number of amino acids 384 320 430 527
2 Molecular weight 41053.17 35366.45 46600.07 57926.67
3 Theoretical pI 9.36 9.02 10.23 9.47
4 Negatively charged residues 37 31 15 27
5 Positively charged residues 44 36 29 38
6 Instability index 32.16 (Stable) 30.64 (Stable) 22.66 (Stable) 43.32 (Unstable)
7 Aliphatic index 91.98 80.94 125.44 112.22
8 GRAVY (grand average of 

hydropathicity)
0.032 − 0.181 0.747 0.546

Table 6  Showing result for molecular docking results of all selected proteins of M. leprae with their ligands

Ligands for alpha-1,2-mannosyltransferase: Ligand A- deoxycholic acid and Ligand B- taurocholic acid) and for mannosyltransferase: 
Ligand A- 5-[[3,4-bis(phenylmethoxy) phenyl] methylene]-4-oxo-2-thioxo-3-thiazolidine acetic acid Ligand B- {5-[3-(2-hydroxy-1-phenyl-
ethoxy)-4-phenethyloxy-benzylidene]-4-oxo-2-thioxo-thiazolidin-3-yl}-acetic acid)

S. No. Parameters Molecular docking

Phosphatidyl-myo-inosi-
toldimannoside synthase

Phosphatidylinositol 
dimannoside acyl trans-
ferase

Alpha-1,2-mannosyl-
transferase

Mannosyltransferase

Ligand A Ligand B Ligand A Ligand B

1 Binding energy − 5.09 − 1.83 − 5.48 − 4.36 − 5.97 − 4.3
2 Ligand efficiency − 0.42 − 0.06 − 0.2 − 0.12 − 0.18 − 0.12
3 Inhibition constant 184.63 45.67 96.46 631.97 42.11 − 8.18
4 Intermolecular energy − 6.88 -8.09 − 7.57 − 7.65 − 8.95 − 7.23
5 Electrostatic energy − 1.72 − 0.13 − 1.8 − 0.76 − 0.93 − 0.95
6 Torsional energy 1.79 6.26 2.09 3.28 2.98 3.88
7 Unbound energy − 3.16 − 4.04 − 0.52 − 6.69 − 2.46 − 4.1
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synthase, phosphatidylinositol dimannosideacyltrans-
ferase, alpha-1,2-mannosyltransferase, and mannosyltrans-
ferase respectively.

For vaccine candidate’s prioritization, length of B-cell 
epitope, position and score were predicted by BCPreds 
software through FASTA-submitted amino acid sequences. 
Amino acid pair (AAP) antigenicity, an algorithm was uti-
lized. Each selected protein was analyzed and epitopes with 
a score of more than 0.8 and specificity more than 80% were 
selected. The number of transmembrane helix and antigenic-
ity was predicted via Vaxign, a web-based pipeline. Both 
preselected proteins were found to be probable antigenic 
(Table 3). The trans-membrane helices topology has been 
predicted via Phyre2 (Fig. 2) and the presence of signal 
peptide was predicted by SignalP 4.1 Server respectively 
(Fig. 3).

Homology Modeling and Validation

The homology modeling method was subjected to construct 
three-dimensional models of preselected proteins of M. lep-
rae, as their three-dimensional structures are unavailable 
in PDB. For homology modeling, the sequences of pro-
tein were retrieved from the UniprotKB protein sequence 
database and different templates were identified using PSI-
BLAST against the RCSB (PDB). Template IDs 3okp.1.A, 
5oce.1.A, 3rce.1.A, 5ezm.1.A selected from the organisms- 
Corynebacterium glutamicum, Mycobacterium smegmatis, 
Campylobacter lari, Cupriavidus metallidurans respectively 
(Table 4). The 3D-models were built usingSwiss- Model 
Workspace and shown in Fig. 4. Assessments of 3D- mod-
els were performed on the premise of QMEAN score, 
E-Value and Z-Mean. The online tools ERRAT, Verify3D 

Fig. 5  Molecular Docking result showing protein–ligand interaction; 
where oxygen (O), nitrogen (N) and carbon (C) atoms are represented 
in red, blue and black circles: a Lig-plot of d-mannosamine with 
phosphotidylmyo inositol dimannosidesynthetase. b 6-O-palmitoyl-
α-d-mannopyranoside with phosphatidylinositol dimannosideacyl-
transferase c Deoxycholic acid with protein alpha 1,2-mannosyltrans-

ferase d Taurocholic acid with protein alpha 1,2-mannosyltransferase. 
e 5-[[3,4-bis(phenylmethoxy)phenyl] methylene]-4-oxo-2-thi-
oxo-3 thiazolidine acetic acid with protein mannosyltransferse. f 
{5-[3-(2-Hydroxy-1-phenyl-ethoxy)-4-phenethyloxy-benzylidene]-
4-oxo-2-thioxo-thiazolidin-3-yl}-acetic acidwith protein mannosyl-
transferse (Color figure online)
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were utilized for further structure validation, available at 
Structure Analysis and Verification Server (SAVES v 5.0). 
PROCHECK server and RAMPAGE serverwere imple-
mented for Ramachandran plot statistics analysis (Supp. File 
Fig. 3 and Table 1). Resulted, 0.0% of residues fall in the 
category of the disallowed regions except for protein (man-
nosyltransferase = 2.7%). The physio-chemical properties of 
all preselected proteins of M. leprae were predicted via the 
Protparam server shown in Table 5.

Molecular Docking

Molecular docking was performed with the respective ligand 
of selected protein to depict the binding pattern of inhibitors 
with protein under study. Phosphotidylmyo inositol diman-
noside synthase was docked withd-mannosamine, phospho-
tidylinositoldimannosideacyltransferase was docked with 

6-O-palmitoyl-alpha-d-mannopyranoside, alpha-1,2 man-
nosyltransferase was docked against deoxycholic acid and 
taurocholic acid, mannosyltransferase was docked against 
5-[[3,4-bis (phenyl methoxy) phenyl] methylene]-4-oxo-
2-thioxo-3-thiazolidine acetic acid and{5-[3-(2-Hydroxy-
1-phenyl-ethoxy)-4-phenethyloxy-benzylidene]-4-oxo-
2-thioxo-thiazolidin-3-yl}-acetic acid. Result analyses of 
molecular docking were shown in Table 6 and Docking pose 
analysis via LigPlot (Wallace et al. 1995) shown in Fig. 5.

Molecular Dynamics Simulation

The protein was energy minimized using Gromos43a1. The 
root mean square fluctuation (RMSF) is the time-average of 
root mean squared deviation (RMSD) for all residues that 
were also calculated for Phosphotidylmyo inositol diman-
noside synthase was docked withd-mannosamine and 

Fig. 6  Molecular dynamic simulation study: RMSD and RMSF graph of a Phosphotidylmyo inositol dimannoside synthase was docked with 
d-mannosamine and b Phosphotidylinositol dimannoside acyltransferase docked with 6-O-palmitoyl-alpha-d-mannopyranoside
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Phosphotidylinositoldimannosideacyltransferase docked 
with 6-O-palmitoyl-alpha-d-mannopyranoside, the RMSD, 
and RMSF graph are shown in Fig. 6a, b respectively. The 
energy minimization of protein Alpha-1, 2 mannosyltrans-
ferase and Mannosyltransferase was performed and results 
are shown in Figs. 7, 8 respectively. Protein conformation 
was almost stable throughout the simulation.

Discussion

Leprosy has emerged as a major problem, reasons for a 
large number of deaths in the globe. In spite of this, there 
is no persistent cure and prevention for M. leprae, which 
is multi-drug resistant. In the last decade, bioinformatics 
has revolutionized vaccine development strategy; Reverse 
vaccinology allows vaccines to be designed even for non-
cultivable pathogens. Therefore, this strategy comparably 
reduces the time needed to develop new vaccines (Meunier 
et al. 2016; Sette and Rappuoli 2010). Recently, the search 
for probable drug targets using computational methods and 
integrated “omics” data, such as genomics, proteomics, and 

metabolomics, has awarded much mindfulness and has been 
increasing rapidly (Chawley et al. 2014; Damte et al. 2013). 
Comparative, subtractive proteomics and genomics studies 
have been broadly used for the prediction and identification 
of probable therapeutic/drug targets and vaccine candidate 
proteins in various pathogenic microorganisms including 
bacteria and fungi (Amineni et al. 2010; Chong et al. 2006; 
Duffield et al. 2010; Johri et al. 2006; Volker and Brown 
2002). In the current study LAM (Lipoarabinomannan) path-
way was a center of attraction. For the same, these compu-
tational approaches coupled with the information available 
at KEGG Database provide us the information and prospect 
to perform the computational analysis aimed towards the 
identification of novel drug targets and vaccine candidate 
proteins belong to M. leprae.

Nowadays, where modernization overlaps traditional 
time consuming and laborious methods; a newer approach 
like reverse vaccinologycames into play. In addition reverse 
vaccinology based immunoinformatics approach is one 
of another sophisticated method. It can be an alternative 
approach for developing an epitope-based vaccine that can 
clarify humoral and cell-mediated immune response inside 

Fig. 7  Molecular dynamic simulation study protein alpha 1,2-mannosyltransferase showing various parameter molecular dynamic simulation 
during, NPT and NVT
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the host body. Reverse vaccinology approach analyses the 
entire protein sequences of the pathogen using modern 
bioinformatics tools to select target proteins for their high-
throughput expression and validation (Gupta et al. 2018).

In the present study, the initial information of metabolic 
pathways obtained from the KEGG database described the 
details about the common pathway as well as the number of 
pathways among the M. leprae and its human host. LAM, pos-
sible virulence factor involved in the persistence of Mycobac-
terium within macrophages (Chan et al. 1991). Detailed stud-
ies related to structure and function over the last decade has led 
to present recognition of the mycobacterial lipoarabinomannan 
like a phosphatidylinositol anchored lipoglycan with diverse 
biological activities (Chatterjee and Khoo 1998). It has been 
shown that the immunomodulatory properties of LAM and 
related glycolipids contribute to the survival of M.leprae the 
causative agent of leprosy (Information available on KEGG 
Database). As a result, the LAM pathway wasselected as the 
target pathway for drug and vaccine candidate’s prioritization.
As a result, the LAM pathway wasselected as the target path-
way for drug and vaccine candidate’s prioritization.

Conclusion

We applied a computational subtractive and reverse vac-
cinology approach in order to propose novel and potential 
drug targets as well as unique vaccine candidates against 
M. leprae. Target proteins were selected based on non-
homology and essentiality. Alpha 1,2-mannosyltransferase 
and mannosyltransferase proteins (related to LAM path-
way) were identified as essential proteins that could serve 
as probable vaccine candidates. Results from the present 
study could ease selecting these M. leprae proteins for vac-
cine production pipelines in future. To conclude, reverse 
vaccinology justified as a powerful tool for identifying 
new vaccine candidates. We are quite assured that the 
study will move forward the research in a new and effec-
tual direction to cure leprosy.
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