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Abstract
Nipah virus is a pleomorphic virus that causes high mortality with unpredictable outbreaks. The virus 
also shows high zoonotic potential with long term neurological damage after recovery further adding 
to the disease burden. An in-silico epitope-based vaccine offers a promising solution to supplement 
wider efforts to control the viral spread. This is achieved through immunoinformatics approach using a 
plethora of servers available. We derived cytotoxic T-cell, T-Helper, B-cell and IFN-γ targeting epitopes 
from surface glycoprotein G. Cytotoxic T-cell specific epitopes, HLA-B*4402, chimeric multiepitope 
vaccine structures were prepared using homology modelling method. The structures were validated 
using various methods and docking simulation was performed between epitopes and HLA-B*4402. 
Similarly, the vaccine construct was docked to Toll like receptor-4 and a molecular dynamics simulation 
was performed to assess stability of interaction. Both the docking simulations showed stable interactions 
with their respective receptors. Immune-simulation was carried out to validate the efficacy of vaccine 
candidate which showed elevated levels of antibodies such as IgM and IgG due to increase in active 
B cell population. Both in-vitro and in-vivo serological analysis is required for confirmation of vaccine 
potency. To facilitate this effort, codon optimization was undertaken to remove existing codon bias. The 
optimized gene sequence was cloned into the PUC19 vector to express in Escherichia coli K12 strain. 
Additionally, a poly histidine (6xHis) tag was added at the C-terminal end to ease the purification step. 
The immune-informatics approach hopes to accelerate vaccine development process to reduce the 
risk of attenuation while increasing the success rates of pre-clinical trials. 
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INTroDUCTIoN
 Nipah virus (NiV) is a highly pathogenic 
virus belonging to the family Paramyxoviridae 
and order Mononegavirals1. NiV infection were 
first reported in Malaysia in 1998 associated 
with encephalitis and a high mortality rate of 
39.6%2. Subsequent outbreaks in 2001 emerged 
in the Indian subcontinent demonstrating an 
increase in fatality rates as high as 70% in some 
regions3. Fruits bats (Pteropus) are known to be 
the natural reservoir of the virus, with pigs (Sus 
scrofa) reported to be the intermediate hosts 
in some outbreaks1-5. Interestingly, Hendra virus 
(HeV) which was shown to infect horses was 
observed to be genetically related to the Nipah 
virus with protein-coding regions bearing a 
similarity of 68-92% and hence grouped into the 
genus Henipavirus 5. Both the viruses demonstrate 
broad host-specificity, a trait rarely associated 
with other members of Paramyxoviridae 5. Recent 
outbreak of NiV was reported in Kerala, India with 
18 confirmed cases and 17 fatalities showing a 
mortality rate of 94.4% NiV is pleomorphic and 
constitutes an 18.2 Kb negative-sense single 
stranded RNA based genome 7. Sequencing and 
characterization of NiV genome was carried out 
successfully in many bat species across Asia 8. 
They include Pteropus hypomelanus, Pteropus 
lylei, Pteropus medius and Pteropus vapmyrus 
8. Studies revealed the presence of non-coding 
RNA sequence specifically a 3′ Untranslated 
region (UTR) occupying major portion of the viral 
genome. This is responsible for longer genomes 
in genus Henipaviruses compared to other 
members of the Paramyxoviridae family (~15 Kb 
genome length) 9. The function of the 3′ UTR is to 
perform effective post-transcriptional utilization 
of cell machinery during viral replication9. The 
NiV proteome contains nine important proteins 
including six structural and three non-structural 
proteins 10.  The nucleoprotein (N) is responsible 
for viral replication and genome wrapping, Matrix 
protein (M) for structural arrangement and 
release, Large polymerase (L), Phosphoprotein 
(P) along with non-structural accessory proteins 
namely V-protein, C-protein and W-protein play 
an important role in suppressing α/β interferon 
(IFN-α/β) production thereby evading innate 
immune response 10,11. This is achieved by the 
downregulation of JAK-STAT pathway wherein 

these proteins competitively bind to STAT-1 and 
inhibit its phosphorylation in the presence of 
IFN-α/β) 11. The viral structure also includes two 
surface glycoprotein namely G protein and F 
protein 12. The G protein is 602 amino acids long 
primarily responsible for host cell adhesion 12. 
It interacts with Ephrin B2 and B3 receptors of 
the host cell leading to virion internalization by 
means of clathrin-mediated endocytosis 12,13. The F 
protein has 546 amino acids and causes viral-host 
cell fusion forming a multinucleated syncytium for 
viral replication initiation13. NiV primarily infects 
the Central Nervous System (CNS) via cranial 
nerves. Incubation period ranges between 4 to 
60 days. Infected patients are diagnosed with the 
presence of viral loads in the Cerebrospinal fluid 
(CSF) and tend to suffer from febrile-encephalitis 
including thrombosis, parenchymal necrosis and 
vasculitis 14. Occasionally, vasculitic lesions are also 
found in respiratory tract, kidneys and heart14,15. 
The in- silico immunoinformatics approach offers 
a promising solution towards novel vaccine design. 
The method involves identification of antigenic 
epitopes within antigenic proteins which can be 
used to elicit both cellular and humoral immune 
responses16. It works by the specific interaction 
between the isolated antigenic epitopes with 
Major Histocompatibility Complex (MHC) and 
Human Leukocyte Antigen (HLA) molecules during 
antigen presentation17. Epitope based vaccines 
eliminate the risk associated with attenuation 
and adds the benefit of an in-silico validation prior 
to in vitro trials16,17. It also reduces time and cost 
associated with the vaccine development. Surface 
glycoproteins such as G protein and F protein 
are considered ideal targets for the immune 
system due to their interaction with the host 
cell receptors and exposure on the viral surface 
12. The immunoinformatics approach hopes to 
derive epitopes from the surface glycoproteins 
particularly the G and F protein and validate the 
immune response in silico using immune system 
simulation.  

MAteRiAls ANd MethOds
Identification of glycoprotein antigenicity
 The surface glycoproteins G-protein 
(Uniprot ID: Q9IH62) and F-protein (Uniprot ID: 
Q9IH63) FASTA sequences were screened for 
antigenicity using Vaxigen 2.0 server 18 with the 
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most probable protective antigens being predicted 
rather than requiring causative microorganisms to 
be grown. Despite the obvious advantages of this 
approach – such as speed and cost efficiency – its 
success remains dependent on the accuracy of 
antigen prediction. Most approaches use sequence 
alignment to identify antigens. This is problematic 
for several reasons. Some proteins lack obvious 
sequence similarity, although they may share 
similar structures and biological properties. The 
antigenicity of a sequence may be encoded in a 
subtle and recondite manner not amendable to 
direct identification by sequence alignment. The 
discovery of truly novel antigens will be frustrated 
by their lack of similarity to antigens of known 
provenance. To overcome the limitations of 
alignment-dependent methods, we propose a new 
alignment-free approach for antigen prediction, 
which is based on auto cross covariance (ACC. 
The threshold was set at 0.4 while the target 
organism being selected for was a Virus. The 
selection threshold was determined to be >0.5. 
The workflow for the in-silico methodology can 
be found in [Fig. 1].
Identification of T-cytotoxic cell targeted epitopes
 T-lymphocytes are critical in mounting 
an immune response against invading pathogens. 
T-cell epitopes were derived from the antigenic 
G-protein using NetCTL1.2 server19. The threshold 
was selected to be 0.5 while sensitivity and 
specificity were 0.89 and 0.94 respectively. 
The epitopes were Major Histocompatibility 
complex (MHC) supertype A1 specific and the 
length was adjusted to the maximum allowed 
9 aminoacid length residues to improve viral 
sequence recognition by the immune system. 
Potential peptides were obtained from which 
MHC specific ligands were simultaneously isolated. 
The potential MHC specific epitopes were then 
screened using Immune Epitope Database and 
Analysis resource (IEDB) T-cell epitope prediction 
tool20. The epitopes were particularly screened 
against antiviral MHC-1 supertype alleles such 
Human leukocyte antigens HLA-B*44, HLA-B*35, 
HLA-B*32 and HLA-A*1 using stabilized matrix 
base method21. The identified antigens were 
subjected to MHC-1 immunogenicity scoring in 
IEDB. The selection criteria were a positive score 
on MHC-1 antigenicity. 

Design and validation of three-dimensional 
structures of epitopes and HLA-B*4402
 The three-dimensional structures 
of epitopes were prepared using PEPFOLD3 
server in Protein data bank (PDB format) 22. The 
lowest energy models were selected for dock 
preparation. The structure of HLA-B*4402 was 
prepared based on homology modelling method 
using I-TASSER server using PDB ID:1M6O as a 
template23. HLA-B*4402 was adopted due to its 
role in imparting anti-viral protective effects21. The 
lowest energy model was chosen and subjected 
to structure refinement employing ModRefiner 
server24. The final refined model was further 
validated using ERRAT2, verify 3D, QMEAN, PROVE 
and RAMPAGE servers25-27.
Molecular Docking and analysis of T-cell specific 
epitopes with HLA-B*4402
 Ligand binding site in HLA-B*4402 was 
identified using neural network based method 
in DeepSite server28. The structures for docking 
were prepared using Dockprep tool in UCSF 
chimera. Solvent and un-complexed ions were 
removed. Charges and missing hydrogens were 
added back. Charge allocation was carried out 
using AMBER ff14SB force fields. The grid size 
(X, Y and Z) were 88.4709, 71.5214 and 79.2498 
respectively. Molecular docking was performed 
using AutoDock Vina on UCSF chimera29,30. The 
binding region was within the ligand binding site 
identified earlier. Binding affinity values for all the 
epitopes were obtained in negative values of Kcal/
mol. The Epitope-HLA-B*4402 complexes were 
further used to analyze dissociation constant (KD) 
to assess the stability of the complex. The lower 
the KD value stronger the interaction. Binding free 
energy was measured using Molecular Mechanics 
Born Solvent Accessibility (MMGBSA) approach. 
Dissociation constant value for each of the 
complexes were predicted using PRODIGY server31, 
MMGBSA binding free energy of the complex 
values were obtained using HAWKDOCK server32. 
Prediction of T-Helper cell (CTH) targeted epitopes
 T-Helper cell epitopes were derived 
from G-protein using NetMHC-II 2.3 server 33. The 
threshold for strong binders was selected to be (2% 
rank) while the threshold for weak binders was set 
at (10% rank). The peptide length was adjusted to 
15 residues in default mode. 
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Prediction of B-cell linear epitopes
 B-cell linear epitopes were derived using 
BepiPred Linear epitope prediction 2.0 method on 
IEDB servers34 and SVMTriP servers35. While the 
length of the epitopes in SVMTriP was set to be 14 
residues long, the length remained variable in the 
BepiPred Linear epitope prediction 2.0 method. 
B-cell linear (continuous) epitopes were predicted 
as they contiguous with the protein sequence 
from which they are derived as opposed to the 
discontinuous B-cell epitopes66. 
Prediction of Interferon-γ (IFN-γ) targeted 
epitopes
 Interferon-gamma plays a crucial role 
in antiviral response, it is important to derive 
epitopes activating this critical interleukin. IFN-γ 
specific epitopes were screened from G-protein 
using IFNepitope server36. The peptide length was 
adjusted to be 15 residues long. The prediction 
approach used both motif and SVM based while 
the model was selected to be IFN-g vs non IFN-g. 
The method used was called MERCI algorithm36. 
Design of Multi-epitope vaccine candidate
 A multi-epitope vaccine constituting 
different types of epitopes was constructed. CTL 
specific epitopes for immunogenicity, HTL targeted 
epitopes for cytokine eliciting characteristics, 
B-cell specific epitopes and IFN-γ for interferon 
response were selected. Toll like receptor (TLR-4) 
agonist (Uniprot: P9WHE3, 50S ribosomal protein 
L7/L12 OS=Mycobacterium tuberculosis [strain 
ATCC 25618 / H37Rv]) was used as an adjuvant 
at the N-terminal37. EAAAK linker was used to 
connect the adjuvant to the CTL specific epitope38, 
while subsequent CTL specific epitopes were 
linked using AAY linkers38. Here the CTL epitope 
FLVRTEFKY was excluded as it shares the aminoacid 
residues common in the epitope VGFLVRTEF from 
same position. T-Helper cell targeted epitopes 
were joined to the former using GPGPG linkers38 
while B-cell linear epitopes and an IFN-γ epitope 
were associated with the help of KK linkers38. 
A poly histidine (6xHis) tag was added at the 
C-terminal for ease of purification39.  The In-silico 
3D structure of the multi-component vaccine 
was prepared in PDB format using Phyre 2 server 
based on homology modelling40 for assessment of 
physiochemical properties and perform molecular 
docking simulation with TLR-4. The model with 
the lowest energy was identified and subjected 

towards refinement using 3Drefine and Galaxy 
refine servers41,42. The final model was validated 
using RAMPAGE, ProSA, ERRAT2 and QMEAN 
servers 25–27,43,44. 
Assessment of Antigenicity, Allergencity and Toxic 
properties of the Multi-epitope vaccine candidate
 The antigenicity of the vaccine candidate 
was estimated using ANTIGENpro server45. 

Allergenicity of the vaccine was predicted using 
AllergenFP 1.0 and AllerTop 2.0 servers46,47. The 
toxicity of the vaccine was determined using 
ToxinPred server 48. 
Assessment of Physiochemical properties and 
secondary structure
 Physiochemical properties of the 
multi-epitope protein were determined using 
ProtParam and SOLpro servers49,50. Parameters 
such as theoretical isoelectric point, molecular 
weight, extinction coefficient, solubility upon 
overexpression, half-life, instability index, grand 
average of hydropathicity (GRAVY), aliphatic 
index were assessed. Secondary structure bearing 
regions were identified employing PSPIRED, 
RaptorX and BETApro servers 51,52. 
Molecular Docking of Multi-epitope vaccine 
candidate with Toll like receptor 4
 To validate the function of the adjuvant, 
Molecular docking was performed between the 
multi-epitope vaccine and TLR-4 (PDB ID:4G8A) 
using rigid body docking method on ClusPro 
2.0 docking server53. The option of graphical 
processing unit (GPU) based server was chosen 
to improve accuracy. The model with the lowest 
energy was selected and analyzed. The protein-
protein interaction regions were assessed using 
an interaction map generated with the help of 
CoCoMaps server54. The interacting residues 
of the complex were subjected to HotRegion 
server analysis to identify Hotspots within the 

Table 1.  MHC-I immunogenicity scores for G-protein 
based epitopes 

No. Position Epitope Immunogenicity 
   score

1. 500-508 PEICWEGVY 0.35162
2. 223-231 AMDEGYFAY 0.25913
3. 367-375 VGFLVRTEF 0.20702
4. 532-540 AENPVFTVF 0.19402
5. 369-377 FLVRTEFKY 0.17033
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interactions55. Further, the binding affinity (∆G) 
and Dissociation constant (KD) were analyzed 
using PRODIGY server31 and the free energy of the 
complex was predicted using MMGBSA method 
employing HAWKDOCK server32. 
MD simulation of the multi-epitope vaccine-TLr-4 
complex
 Normal mode analysis (NMA) was 
executed on IMODS server to study protein 
structure stabilization and large-scale mobility. 
Eigen values were obtained to determine the 
molecular stiffness56. Elastic network analysis 

of the complex and mobility was derived using 
DynOmics 1.0 server 57.
Immune-simulation of the multi-epitope vaccine 
candidate
 Immuno-simulation was performed using 
C-IMMSIM server57. This is an agent based in silico 
technique which uses position-specific scoring 
matrix (PSSM) and machine learning algorithms 
to simulate immune response to the vaccine 
injection57. To test the efficacy of the vaccine a 
total of 3 doses were injected at a 4-week interval. 
Time steps of 1,84 and 168 were chosen for second 

Table 2. T-Cytotoxic cell specific epitope-HLA-B*4402 docking simulation results 

No. Epitope Binding Binding Free energy Dissociation
  affinity of the complex constant
  (Kcal/mol) (Kcal/mol)  (KD)

1. PEICWEGVY -7.6 -47.66 4.2x10-7

2. AMDEGYFAY -8.2 -33.49 2.8X10-7

3. VGFLVRTEF -6.6 -33.20 1.0X10-6

4. AENPVFTVF -6.9 -33.23 4.7X10-7

5. FLVRTEFKY -6.6 -35.89 1.1X10-6

Fig. 1. Schematics of the methodology adopted in designing the vaccine candidate.
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Fig. 2. Structural validation by (A) RAMPAGE derived Ramachandran plot, (B) Local quality estimate with QMEAN4, 
(C) PDB model of HLA-B*4402, (D) Comparison with non-redundant set of PDB structures.

and third boosters with each time-step equal to 8 
hours hence 300 simulation steps. The vaccine was 
not coated with Lipopolysaccharide and the alleles 
HLA-A*32:15, HLA-A*01:01, HLA-B*35:01 and 
HLA-B*4402 alleles specific activity was selected. 
The simulation results were further analyzed to 
assess the immune response. 
Codon optimization and In-silico cloning
 To express the Nipah Virus G-protein 
based vaccine construct in Escherichia coli 
K12 strain, codon optimization was performed 
to eliminate the risk of codon bias. This was 
achieved employing Java codon Adaptation tool 
(JCat)58. Additionally, three more parameters were 
selected to prevent the use of rho independent 
transcription termination, prokaryotic ribosome 
binding site and cleavage site for certain restriction 
enzymes59. The optimized gene sequence obtained 
was then used to clone the gene in PUC19 vector 
with the help of SnapGene tool59. 

reSULTS
Highest antigenic Glycoprotein identification
 The surface G-protein (Uniprot ID: 
Q9IH62) showed antigenicity score of 0.51 (>0.5) 
while the fusion F-protein (Uniprot ID: Q9IH63) 
gave a score 0.47 (<0.5). The minimum threshold to 
select antigenic protein was set at the score of 0.5. 
Hence G-protein was selected to derive antigenic 
epitopes for vaccine construction. 
Identification of T-cell epitopes
 Using the NetCTL1.2 server, a total of 590 
potential peptides were obtained from which 52 
were identified as being MHC specific ligands. The 
52 potential epitopes were further screened using 
Immune Epitope Database and Analysis resource 
(IEDB) T-cell epitope prediction tool. The epitopes 
were particularly screened against antiviral MHC-1 
supertype alleles such Human leukocyte antigens 
HLA-B*44, HLA-B*35, HLA-B*32 and HLA-A*1. 
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Fig. 3. (A) AENPVFTVF-HLA-B*4402 complex where the epitope is coloured in pink (B) Hydrogen bonding where the 
epitope is coloured in pink while the MHC molecule is coloured in white. Blue represents nitrogen and red oxygen. 
(C) FLVRTEFKY-HLA-B*4402 complex where the epitope is coloured in blue. (D) PEICWEGVY-HLA-B*4402 complex 
where the epitope is coloured in brown. (E) VGFLVRTEF-HLA-B*4402 complex where the epitope is coloured yellow. 
(F)AMDEGYFAY-HLA-B*4402 complex where the epitope is coloured in orange.

Fig. 4. Multi-epitope vaccine construct outline

Five epitopes were derived based on the Half 
maximal inhibitory concentration (IC50>200nM). 
These five antigens were subjected to MHC-1 
immunogenicity scoring in IEDB. All the five 

epitopes demonstrated positive scores [Table 
1] indicating a promising role in T-cytotoxic cell 
specific antigenicity.
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Design and validation of three-dimensional 
structures of epitopes and HLA-B*4402
 The 3D structure of HLA-B*4402 was 
constructed using homology modelling. The 
prepared structure was then validated using 
RAMPAGE [Fig. 2]. Ramachandran plot showed 265 
(96.7%) of the residues were in the favored region 
while 7 (2.6%) were in the allowed region only 2 
(0.7%) residues were found in the outlier region 
[Fig. 2]. The ERRAT2 analysis showed an overall 
quality factor of 90.299 wherein a score of >80 is 
needed for an ideal structure. Further, VERIFY3D 
validation showed 98.91% of the residues to be 
scoring >=0.2 score with a ‘PASS’ designation. To 
pass the model must show a minimum >=0.2 score 
for >80% of the residues in the 3D model. The 
QMEAN showed -0.95 with overall score of 0.83 
where the value lies in between 0 to 1 indicating 
a good model [Fig. 2].
Molecular Docking of T-cell epitopes with 
HLA-B*4402
 Ligand binding site was identified using 
DeepSite server. The docking of the epitope 
AMDEGYFAY showed the highest binding affinity 
of -8.2 Kcal/mol using AutoDock Vina. However, 
the epitope PEICWEGVY-HLA-B*4402 complex 
demonstrated superior binding free energy 
(MMGBSA) of -47.66 Kcal/mol. Overall, the epitope 
AENPVFTVF binding indicated a stable interaction 
with -6.9 Kcal/mol [Table 2, Fig. 3] including a KD of 

2.8x10-7 and -33.23 Kcal/mol binding free energy 
of the complex using HAWKDOCK [Table 2]. The 
docking results for all the epitopes are shown in 
the [Fig. 3]. As covalent bonding is rare among 
protein-protein interactions, hydrogen bonding is 
a stable form of non-covalent interactions taking 
place and enhances binding affinity depending 
on the inter-molecular distance (Å)66. There were 
three hydrogen bonding interactions formed 
wherein ASN 3 of AENPVFTVF interacted with 
TYR 27 of HLA-B*4402 with a bond length of 2.79 
Å while other hydrogen bonding interactions 
between THR 7 and ASP 30, GLU 2 and ARG 48 
respectively [supplementary Table 1]. The epitope 
PEICWEGVY formed the seven hydrogen bonds 
with HLA-B*4402 while the epitope AMDEGYFAY 
formed five hydrogen bonding interactions 
[Supplementary Table 1].  
Identification of T-Helper specific, B-cell specific 
and IFN-γ epitopes
 A total of 584 T-Helper specific epitopes 
were obtained of which 13 epitopes are considered 
as strong binders. Three epitopes were chosen to 
be used in the construction of chimeric multi-
epitope vaccine they are QGDTLYFPAVGFLVRT, 
PANIGLLGSKISQST and DSKILSAFNTVIALL. Similarly, 
B-specific epitopes were identified by both IEDB 
and SVMTriP servers. Interestingly, one epitope 
with a maximum score of 1.0 was recommended 
by SVMTriP server while a list of B-cell epitopes 

Table 3.  Analysis of physiochemical, antigenic, allergenic and toxic properties

No. Parameter Assessment

1. Formula C1515H2417N401O440S6
2. Total number of atoms 4779
3. Molecular weight 33481.64 Daltons 

4. Theoretical pI 8.33
5. Extinction coefficient measured in water 27055 M-1 cm-1
6. Instability Index 27.07
7. Total number of negatively charged  35
 residues (Asp + Glu):
8. Total number of positively charged 37
 residues (Arg + Lys)
9. Aliphatic index 94.53
10. Grand average of hydropathicity (GRAVY) 0.051
11. Solubility upon Overexpression SOLUBLE with probability 0.964524
12. Antigenicity 0.691815
13. Allergensity Negative
14. Toxicity Negative
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was recommended by BepiPred Linear epitope 
prediction 2.0 method without a score. Three 
B-cell specific epitopes were selected to be used 
in the vaccine. These include, IALLGSIVIIVMNI, 
RSTDNQAV and SCSRGVS. A total of 88 IFN-γ 
stimulating epitopes were identified using 
IFNepitope server. However, we found many high 
scoring IFN-γ specific epitopes to be already part 
of the sequences forming the B-cell and T-helper 
specific epitopes. Therefore, two epitopes which 
did not form part of the B-cell or T-cell specificity 
with positive scores were chosen to be included in 
the chimeric multi-epitope protein molecule. They 
are LVVNWRNNTVISRPG and PLVVNWRNNTVISRP 
with scores 0.6239, 0.5711 respectively. Here a 

Fig. 5. (A) RAMPAGE derived Ramachandran plot for Multi-epitope vaccine construct (B) Z-plot showing the 3D 
model score to be within known structures derived through X-ray and NMR (C) 3D model of the chimeric vaccine 
construct (D) Energy per residue (E) QMEAN4 analysis of the vaccine construct.

Table 4. Constituents of Multi-epitope vaccine 
construct

No. Epitope Position Specificity

1. AMDEGYFAY 223-231 T-Cytotoxic
2. AENPVFTVF 532-540 cells
3. VGFLVRTEF 367-375 
4. PEICWEGVY 500-508 
5. QGDTLYFPAVGFLVR 357-373 T-Helper
6. PANIGLLGSKISQST 130-145 cells
7. DSKILSAFNTVIALL 53-67 
8. IALLGSIVIIVMNI 64-77 B-Cell
9. RSTDNQAV 75-82 
10. SCSRGVS 239-245 
11. LVVNWRNNTVISRPG 485-489 Interleukin
12. PLVVNWRNNTVISRP 484-488 -10
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Fig. 6. Secondary structure prediction by PSPIRED server

repetition of the similar sequence with additional 
amino acids was done to stimulate maximum IFN-γ 
response as observed in [Fig. 11F]. 
Multi-epitope vaccine construct with Antigenicity, 
Allergencity and Toxicity prediction
 A chimeric mult iepitope vaccine 
candidate with 316 amino acids was constructed 
using homology modelling in Phyre2. As shown in 
[Fig. 4], the adjuvant was added at the N-terminal 
end while a His-tag was added at the C-terminal for 
the ease of purification. The linkers EAAAK, AAY, 
GPGPG and KK linkers were used in connecting 
the specific epitopes. The initial model obtained 
in the PDB format was subjected to the model 
refinement using 3Drefine. The model with the 
3Drefine score of 30372.8 with MolProbity score 
of 3.799 was selected. Further refinement using 

Galaxy refine improved the MolProbity score to 
2.704 and the model rama-favored with 87.6%. 
This 3D structure under RAMPAGE investigation 
showed 281 (89.5%) in favored region while 21 
(6.7%) in the allowed region. 12 (3.8%) residues 
were in the outlier region. Additionally, ERRAT2 
showed model quality of 80.427 (>80) which is 
acceptable. Z plot on ProSA server gave a Z-score 
of -4.05 for the 3D structure validation [Fig. 5B] 
within the acceptable range for known structures 
of this size. QMEAN4 score was 1.25 which is 
considered optimal [Fig. 5E]. The overall model 
is considered suitable for further analysis. The 
antigenicity assessed by ANTIGENpro server was 
0.6918 (>0.5) which is acceptable. Similarly, the 
Allergencity prediction by both AllerTop 2.0 and 
AllergenFP 1.0 showed the multi-epitope vaccine 
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construct to be a non-allergen. As per AllergenFP 
1.0 server and AllerTop 2.0. ToxinPred predicted 
the vaccine candidate sequence to be non-toxic.
Physiochemical properties and secondary 
structure
 The whole construct has a molecular 
weight of 33481.64 Daltons with a Theoretical 
isoelectric point of 8.33. The instability index (II) 
was calculated to be 27.07 (<40) which indicates 
that the protein is stable post expression [Table 

Fig. 7. (A) Interaction between Vaccine construct (pink) with binding region (blue) and TLR-4(grey) with binding 
region (yellow) (B) Hot regions of vaccine (green) and TLR-4 (orange) (C) interaction map between vaccine and 
TLR-4 by residue.

Fig. 8. (A) The mobility of Vaccine construct-TLR-4 complex (B) Elastic spring network across the atoms of vaccine-
TLR-4 complex.

3]. The extinction coefficient is computed to be 
around 27055 M-1 cm-1 at 280 nm. The protein has 
an estimated half-life of 30 hours (mammalian 
reticulocytes, in-vitro), >20 hours (yeast, in-vivo) 
and >10 hours (Escherichia coli, in-vivo). Upon 
over-expression, the protein is soluble with a 
probability of 96.45%. The Grand average of 
hydropathicity (GRAVY) is 0.051 which indicates 
that the protein is slightly on the hydrophilic side. 
The diameter of the protein is 4.69979 nm with an 
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aliphatic index of 94.53. Secondary structure of the 
protein comprises of 35% helix, 19% beta-sheet 
and 30% coils. The solvent accessibility studies 
reveal that the 50% of the protein is exposed while 
19% is medium exposed and 30% is buried. A total 
of 43 (13%) positions were found to be disordered. 
The PSPIRED secondary structure map is shown in 
[Fig. 6]. 
Molecular docking interaction between Multi-
epitope vaccine construct and Toll like receptor 
(TLr-4)
 The vaccine construct interacted with 
TLR-4 with a binding affinity of -8.9 Kcal/mol with 
a dissociation constant (KD) of 3.2x10-7 at 25°C as 
per PRODIGY prediction [Fig. 7A]. The free energy 
of the complex calculated by MMGBSA was -73.28 
Kcal/mol showing stability of the complex. There 
were nine hydrogen bonding interactions observed 

[Table]. The residues Leu 190, Tyr 191, Lys 242, Ile 
244, Ala 245, Leu 246 and Ser 249 of the multi-
epitope vaccine construct were identified as 
interaction hot spots. Similarly, the residues Leu 
328, Val 343, Val 348, Phe 349, Leu 350, Val 351, 
Phe 355, Tyr 376 of the TLR-4 were also interacting 
hot regions. Interestingly, the demonstrated 
hydrogen bonding between Tyr 191 of the vaccine 
construct and Tyr 376 of TLR-4 was also part of the 
hot region binding further validating the docking 
simulation.  
Molecular Dynamics simulation
 Normal model analysis of the complex 
showed mobility [Fig. 8A]. The fluctuations 
across the deformability plot [Fig. 9E] proves the 
existence of coiled structures which provides 
flexibility across the complex. The Eigenvalue 
of 3.404875x10-5 is relatively high suggesting 

Fig. 9. (A) Eigenvalue of the vaccine-TLR-4 complex (B) Elasticity network mapping (C) Predicted experimental Bi-
factor (D) Co-variance map (E) Main chain deformability.
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Fig. 10. Simulated antibody response upon vaccination

stable complex formation [Fig. 9A]. Additionally, 
there is a presence of correlational elastic 
network along the complex as shown in [Fig. 9B] 
wherein the grey dots are interactions as per 
IMODS server. Interestingly, this elastic network 
is visible as atomic springs within vaccine-TLR-4 
complex according to DynOmics 1.0 server further 
validating the increased flexible interactions [Fig. 
8B]. There is an atomic mobility within the complex 
but the region of interaction remains stable with 
low mobility [Fig. 8A]. 
In silico Immune-simulation upon vaccination
 The simulated immune response upon 
vaccine injection was similar to actual immune 
system [Fig. 10]. The vaccine candidate elicited IgM 
antibody response upon primary administration. 
Subsequent booster dose injections at day 30 
and day 60 showed increased levels of IgG1 
and IgG2 compared to IgM. Overall, the IgM 
and IgG antibody levels exceeded with the 
progressive reduction of antigen concentration 
after day 60 [Fig. 10]. This implies the activation 
of immune memory and enhanced antigen 
clearance upon repeated exposure. Additionally, B 
lymphocyte population continued to rise with the 
administration of the vaccine and its booster doses 
at day 30 and day 60 [Fig. 11A]. Of this, majority 
of B cell populations were found to be in active 
phase [Fig. 11B]. Similarly, T-Helper populations 
increased with the administration of the chimeric 

vaccine with majority of them being in the active 
phase [Fig. 11D]. Interestingly, T-Helper (memory) 
cell levels remained stable in spite of a reduction 
in non-memory type T-Helper cells [Fig. 11D]. 
T-cytotoxic cell populations gradually rose with a 
bulk of them being in the active phase [Fig. 12A]. 
The dendritic cells, Macrophages and epithelial 
cell populations remain constant throughout but 
the amount of activation slightly increased [Fig. 
12C,12D and 12E]. Importantly, the enhanced 
expression of cytokines such as interleukins and 
interferons are a key to induce anti-viral response 
[Fig.12F]. Particularly, IFN-γ and interleukin-2 
levels showed increased production while slight 
interleukin-10 concentrations were also observed 
[Fig. 12F]. Overall, immune simulation indicated a 
distinct secondary immune response visible post 
vaccination demonstrated its utility.  
In-silico codon optimization and cloning
 The optimized gene sequence for 
vaccine construct was obtained using Java codon 
optimization tool (JCat). The adapted sequence 
showed 50.73% GC content which is within 
acceptable range (30-50%). The Codon Adaptation 
Index (CAI) value for the sequence was derived to 
be 0.95 out of 1.0 (0.8-1.0), it implies the improved 
sequence will show high expression levels of the 
chimeric vaccine protein within Escherichia coli 
K12 strain host. The gene sequence of 960bp was 
inserted in between the restriction sites HindIII and 
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Fig. 11. (A) B-lymphocytes total count (B) B-lymphocyte population per state (C) Plasma B-lymphocytes total count 
(D) T-Helper cell total count (E) T-Regulatory cells per state (F) T-cell total population

NdeI and cloned in PUC19 vector using SnapGene 
tool [Fig. 13].

DISCUSSIoN
 Nipah virus is an infectious virus with high 
zoonotic potential and mortality60. Patients suffer 
with permanent neurological conditions such as 
encephalopathy, facial paralysis, cerebral atrophy 
and cervical dystonia post recovery60,61. The 
mortality rate in recent outbreaks varied between 
32-92%60. Many broad-spectrum therapies have 
been developed and tested in the animal models. 

The drug ‘Favipiravir’ shows good recovery rate 
while other G-protein specific antibodies are 
also in the pipeline60. However, these therapies 
cannot undo the existing irreversible neurological 
damage caused by NiV.  In that case, a viral specific 
vaccine offers a promising solution to stimulate 
the immune system prior to the actual infection. 
Many approaches were used to develop a 
suitable vaccine. A subunit epitope-based vaccine 
development remains a good alternative as the 
risk associated with virulence and incomplete 
attenuation is completely eliminated. Epitope 
based vaccines for Nipah virus were first derived 
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by Sakib et al. from NiV F and G-glycoproteins62.  
The core focus of this paper was not just limited 
to deriving antigenic epitopes but also validating 
its role in eliciting the immune response. We 
isolated five T-Cytotoxic cell specific epitopes from 
G-protein after immunogenic assessment [Table1]. 
The epitopes were validated for their interaction 
with HLA-B*4402 which is known to cause 
antiviral response and facilitates interleukin-10 
secretion21. Homology modelling technique 
was employed to design the 3D models for the 

epitopes as well as the MHC-1 receptor. The 
refined structure showed 96.2% of the residues 
to be in the favored region while 2.6% in the 
allowed and 0.7% to be in outlier region. Molecular 
docking simulation between HLA-B*4402 and 
AENPVFTVF showed stable interaction with 
binding affinity of -6.9 Kcal/mol and KD of 4.7x10-

7. This interaction was confirmed in immune-
simulation wherein the epitope was predicted to 
interact with HLA-B*4402 [Supplementary report 
1]. T-Helper cell specific epitopes were obtained 

Fig. 12. (A) T-cell population per state (B) NK cell total count (C) Dendritic cell population per state (D) Macrophage 
population per state (E) Epithelial cell population per state (F) Cytokines concentration including interleukins and 
interferons.
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using NetMHCII 2.3 server wherein out of 534 
epitopes 13 epitopes were strong binders. Out 
of these, three epitopes QGDTLYFPAVGFLVRT, 
PANIGLLGSKISQST and DSKILSAFNTVIALL were 
used in the vaccine construct. The immune-
simulation clearly demonstrated the exceeding 
presence of T-Helper (memory) after day 60 
while the non-memory type T-Helper cell levels 
gradually declined [Fig. 11F]. This proves the 
function of T-Helper cell specific epitopes used. 
Similarly, a total of 28 B-cell specific epitopes were 
identified from which IALLGSIVIIVMNI peptide was 
chosen from SVMTriP server. The B-cell epitopes 
RSTDNQAV and SCSRGVS were selected using 
BepiPred Linear epitope prediction 2.0 method on 
IEDB. IFN-γ eliciting epitopes were 88 from which 

LVVNWRNNTVISRPG and PLVVNWRNNTVISRP 
were chosen. The immune-simulation showed 
an incremental increase in B-cell response upon 
injection at day 0, 30 and 60. Majority of these 
B-cells were in the active phase. This implies the 
activity B-cell specific epitopes to induce precise 
response. A similar spike in IFN-γ concentration 
was seen due to the action of epitopes used in 
the vaccine design [Fig. 12F]. TLR-3 and TLR-4 are 
well known to prompt an anti-viral response. A 
TLR-4 targeted adjuvant was thus included in the 
chimeric vaccine to stimulate the humoral and 
cell mediated immune system 63. A multiepitope 
vaccine candidate was designed employing 
homology modelling method. In-silico structural 
studies on the epitope vaccine revealed adequate 

Fig. 13. (A) gene insert in PUC19 vector (B) Insert map with gene of interest in between HindIII and NdeI restriction 
sites.
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conformance with 281 (89.5%) in favored, 21 
(6.7%) in the allowed and 12 (3.8%) in the outlier 
regions respectively. The Z-plot showed the 
presence of the structural features of the vaccine 
candidate similar to the in vitro structures analyzed 
by X-ray and Nuclear magnetic resonance (NMR) 
based techniques [Fig. 5B]. A docking simulation 
of the chimeric vaccine candidate with TLR-4 
was performed to test the binding potential. The 
binding affinity was predicted to be -8.9 Kcal/
mol while the KD was 3.2x10-7 at 25°C as per 
PRODIGY prediction. The binding free energy of 
the complex was -73.28 kcal/mol which is highly 
stable. Molecular dynamics simulation revealed 
the presence of an elastic network across atoms in 
the complex [Fig. 8B]. Interestingly, there was no 
atomic mobility observed at the binding regions 
within the complex indicating a firm interaction. 
This is validated by the relatively high eigenvalue 
of 3.404875x10-5 observed. Immune simulation 
also revealed the elevated presence of dendritic 
cell and macrophage populations to be around 
200 cells/mm3 which remained consistent [Fig. 
12C,12D]. While the natural killer cell populations 
fluctuated with the administration of booster 
doses [Fig. 12B]. To confirm the potency of the 
vaccine candidate, immunoreactivity needs be 
observed in serological analysis. This requires the 
presence of protein sample to perform various in-
vitro and in-vivo assays. To boost the expression of 
the protein in a suitable bacterial system such as 
Escherichia coli K12 strain, codon optimization was 
performed which showed a CAI score of 0.95 (0.8-
1.0). This implies a stable expression of chimeric 
protein within the bacterial host. Similarly, a poly-
histidine tag (6xHis) tag was added to ease protein 
purification step using widely available Nickel- 
Nitrilotriacetic acid (Ni-NTA) agarose column [Fig. 
4]. The current vaccine candidate showed promise 
in in-silico analysis. However, further investigation 
is mandated to confirm the efficacy in-vivo and 
in-vitro. 

CoNCLUSIoN
 To control the spread of Nipah virus many 
aspects of public health must be strengthened. 
These include diagnostics, treatment and 
prevention. Prophylactic measures such as 
vaccines and mathematical outbreak prediction 
can reduce the mortality rates associated with the 

viral spread.  The in-silico epitope based chimeric 
vaccine hopes to supplement this effort. The 
vaccine candidate successfully stimulated both 
humoral and cell mediated response in immune-
simulation.  A serological analysis including in-vitro 
and in-vivo are needed to continue the vaccine 
development process. This approach can also 
be applied to understand and develop a vaccine 
against Hendra virus. 
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