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Abstract

The Nipah virus (NiV), a zoonotic virus in the Henipavirus genus of the Paramyxoviridae family, emerged in Malaysia in
1998 and later spread globally. Diseased patients may have a 40- 70% chance of fatality depending on the severity and
early medication. The recent outbreak of NiV was reported in Kerala (India) by a new strain of MCL-19-H-1134 isolate.
Currently, no vaccines are available, highlighting the critical need for a conclusive remedy. Our study aims to develop a
subunit vaccine against the NiV by analyzing its proteome. NiV genome and proteome sequences were obtained from the
NCBI database. A phylogenetic tree was constructed based on genome alignment. T-cell, helper T-cell, and B-cell epitopes
were predicted from the protein sequences using NetCTL-1.2, NetMHCIIPan-4.1, and IEDB servers, respectively. High-
affinity epitopes for human receptors were selected to construct a multi-epitope vaccine (MEV). These epitopes’ antige-
nicity, toxicity, and allergenicity were evaluated using VaxiJen, AllergenFP-v.1.0, and AllergenFP algorithms. Molecular
interactions with specific receptors were analyzed using PyRx and ClusPro. Amino acid interactions were visualized and
analyzed using PyMOL and LigPlot. Immuno-simulation was conducted using C-ImmSim to assess the immune response
elicited by the MEV. Finally, the vaccine cDNA was inserted into the pET28a(+) expression vector using SnapGene tool
for in silico cloning in an E. coli host. The potential for an imminent outbreak cannot be overlooked. A subunit vaccine is
more cost-effective and time-efficient. With additional in vitro and in vivo validation, this vaccine could become a superior
preventive measure against NiV disease.
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Introduction

Nowadays, numerous infectious diseases have become a
significant threat worldwide. Among these Emerging infec-
tious diseases (EIDs), approx. 75% are considered to be zoo-
notic (transmitted from animals to humans) (Gebreyes et al.
2014). Like the NiV, other viruses like HIV, novel coronavi-
rus, and influenza virus are all examples of zoonotic viruses
that cause devastating effects on the human population and
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cause lethal diseases (Bardhan et al. 2023; Sartorius et al.
2021). Nipha virus is one of them that emerged in Malay-
sia in 1998 (Hsu 2004). Later NiV outbreaks have been
reported worldwide, including in Bangladesh (2001-2005),
followed by recently in Kerala, India, before/on Septem-
ber 2023 with the novel strain MCL-19-H-1134 isolate
(Chong et al. 2001; Chapa and Garza 2023). It is a mem-
ber of Paramyxoviridae family and falls under the Henipa-
virus genus, alongside another prototype virus within the
genus known as the Hendra virus (Chua et al. 2000). NiV
is an RNA genome-containing virus that possess a total of
six genes, namely, the P gene, M gene, N gene, F gene, G
gene, and L gene, which codes for nine consecutive proteins
(Khandia et al. 2019). The G gene encodes the glycopro-
tein, which guides the virus in recognizing and attaching
to host receptors. Similarly, the F gene codes for the fusion
protein, facilitating the fusion of the viral membrane with
the host membrane. The N gene encodes nucleoprotein,
which remains bound to the RNA, aiding in viral genome
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replication and packaging. The RNA-dependent RNA poly-
merase enzyme, necessary for replicating the RNA genome,
is translated from the L gene. The matrix protein required
for virus budding and assembly is encoded by the M gene.
Additionally, the P gene is exceptional as it codes not only
for the phosphoprotein but also for three additional proteins,
C, V, and W, each with a distinct immune modulatory role
(Satterfield et al. 2015). Individual epitopes can be screened
from non-allergen proteins with further molecular interac-
tion with different MHC complexes (class I and IT), Toll-like
receptor (TLR-3) protein, and TAP cavity.

The need for a NiV vaccine arises from the severe and
often fatal nature of infections. NiV can cause a range of ill-
nesses, including asymptomatic infection, acute respiratory
illness, and fatal encephalitis (Banerjee et al. 2019). The
high mortality rate associated with NiV infections, as well as
the potential for person-to-person transmission, underscores
the importance of developing a vaccine to prevent outbreaks
and protect populations at risk (Agsha et al. 2023). Subunit
epitope-based vaccines can be a good alternative to tradi-
tional vaccines regarding precision and safety (De Groot et
al. 2009). It is considered safe for individuals with weak-
ened immune systems or other health concerns, making it
suitable for high-risk populations. Subunit epitope-based
vaccines can often be developed more rapidly than tradi-
tional vaccines. This is important in emerging infectious
diseases or outbreaks, where a timely response is critical. In
this study, we have predicted all the possible T-cell, helper
T-cell, and B-cell epitopes of the W protein of the NiV and
shortlisted the major interacting epitopes based on good
docking score. The seclected epitopes were aligned with
the necessary linker sequences to construct a MEV. Adju-
vants were incorporated to enhance the immune response.
Additionally, the molecular interaction between the MEV
and the Human Major Histocompatibility Complex (MHC)
was analyzed. The MEVs were administered into the human
system using in silico simulation, and the subsequent human
immune responses were observed. Finally, complementary
DNA (cDNA) was synthesized from the vaccine sequence
and inserted into an expression vector for in silico cloning
verification.

Material methods

Collection of viral genomes

The entire genome of Henipavirus nipahense (NiV) strains,
as well as some other viruses within the Paramyxoviri-
dae family, was sourced from the NCBI database (https://

www.ncbi.nlm.nih.gov/). In total, there were 331 genomes
documented in the NCBI database prior to 2023, consisting
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of 62 complete sequences and 279 partial sequences. We
specifically extracted viral strains with complete genome
sequences. During the 2023 outbreak, a new strain (MCL-
19-H-1134 isolate) emerged in India (Kerala) and was
reported. This novel isolate, MCL-19-H-1134, was retrieved
from the database and subjected to further analysis. While
the complete genome sequencing of this novel isolate has
not been performed yet, but its partial genome length closely
resembles that of NiV with a complete sequence. Viruses
like Hendra, Cedar, Ghana, and Mojiang belonging to the
NiV family were downloaded from the NCBI database with
their complete proteome sequence for the subsequent evo-
lutionary analysis.

Collection of viral proteomes

All the protein-coding genes of NiV were identified and
their complete protein sequences were obtained. In this
research, a total of nine proteins from the NiV strain were
selected for the vaccine epitope. These proteins consist of
the Nucleocapsid protein (WKR82401.1), Phosphopro-
tein (WKR82402.1), V protein (WKR82403.1), W pro-
tein (WKR82404.1), C protein (WKRS82405.1), Matrix
protein (WKR82406.1), Fusion protein (WKR82407.1),
attachment glycoprotein (WKR82408.1), and polymerase
(WKR82409.1). These nine proteins from the NiV strain
were retrieved from the NCBI database. The three-dimen-
sional structures of all nine proteins were obtained from the
Protein Data Bank (PDB) server (https://www.rcsb.org/). In
cases where the 3D structures of these proteins were not
readily available, homology models were created using
Swiss-model.

Phylogenetic analysis

The complete genome of NiV isolates from different topo-
logical regions of India, Bangladesh, Thailand, Malaysia,
and USA have been retrieved from NCBI. For this study, the
genome of all NiV isolates is aligned to ensure that homolo-
gous regions (regions with common ancestry) are matched
up. Genome alignment was done by MAFFT web server
(https://www.ebi.ac.uk/Tools/msa/mafft/) from EMBL-EBI
(Madeira et al. 2022). Aligned genome data are used to
build phylogenetic tree by character-based method. Charac-
ter-based methods like Maximum Likelihood or Maximum
Parsimony estimate the most likely tree from given data.
Randomized Axelerated Maximum Likelihood- RAXML
(Kozlov et al. 2019) server (https://raxml-ng.vital-it.ch/#/)
is used for tree building. Later visualization of the tree has
been done by iTOL (Interactive Tree of Life) tool (https://
itol.embl.de/upload.cgi) (Letunic and Bork 2021).
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Allergenicity of viral proteins

It is imperative in the present study to identify the allergenic
protein from the set of data. World Health Organization
(WHO) recently focused on the correct prediction of aller-
genicity in natural as well as modified proteins. In our study
we only consider the non-allergenic proteins from MCL-
19-H-1134 isolate 2023.

An auto-cross covariance (ACC) is a protein sequence
mining method that is used for uniformation of protein
length (Wold et al. 1993). Each amino acid present in a pro-
tein sequence is represented by five important descriptors
(represented by E) (Venkatarajan and Braun 2001), later
the sequence is transformed into equal vectors by ACC
transformation. Five E descriptors defined by Venkatara-
jan and Braun are the hydrophobicity of amino acids, their
helix-forming propensity, correlates with the relative abun-
dance of amino acids, their size and fifth dominated by the

B-strand forming propensity. AllergenFp v.1.0 is a Bioin-
formatics tool for allergenicity prediction that fulfils all the
above-mentioned criteria and predicts the allergenicity of
the protein data set (https://ddg-pharmfac.net/AllergenFP/).
Also, this server predicts the identity level between two dif-
ferent sets by calculating Tanimoto coefficients (Godden et
al. 2000). The protein which found allergenic has been elim-
inated for further study. The overall methodology is given in
the flowchart Fig. 1.

Prediction of cytotoxic T-cell (CTL) epitope

Accurate forecasts of Cytotoxic T lymphocyte (CTL) epi-
topes play a crucial role in the rational design of vaccines.
Most importantly, they can reduce the need for extensive
experimental work in epitope identification. The MHC-I
plays a crucial role in activating Cytotoxic T-cells by
serving as antigen presenters. Cytotoxic T cell is a vital
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Fig. 1 A flow chart showing the methodology applied to identify the peptide epitope and its interaction with specific receptors
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component of the human adaptive immune system they
eradicate pathogens from the infected host cell. In the
post-infection phase initially, the antigen is engulfed by
the proteasome followed by processing in the cytoplasm.
After processing these antigens are transported by Trans-
porter Associated with Antigen Processing (TAP). Molec-
ular interaction of TAP transporter with antigenic epitope
was also done in this study. For the estimation of CTL,
NetCTL-1.2 (Larsen et al. 2007) bioinformatics server
was used (https://services.healthtech.dtu.dk/services/
NetCTL-1.2/). NetCTL is an online tool specifically cre-
ated for foreseeing human CTL epitopes within any given
protein. It accomplishes this by combining predictions
for proteasomal cleavage, TAP transport efficiency, and
MHC class I affinity. This method encompasses forecasts
for peptide MHC class I binding, proteasomal C-terminal
cleavage, and TAP transport efficiency. The server offers
predictions for CTL epitopes that are limited to 12 MHC
class I supertypes. MHC class I binding and proteasomal
cleavage are executed using artificial neural networks,
while TAP transport efficiency is anticipated through a
weight matrix. For this study weight on C terminal cleav-
age was taken 0.15, the weight on TAP transport efficiency
was taken 0.05, and the threshold for epitope identifica-
tion was taken 0.75. Furthermore, the epitopes forming
strong bonds with the MHC-I supertype were taken under
consideration.

Prediction of helper T cell (HTL) epitope

Indeed, the Major Histocompatibility Complex class II
(MHC 1I) plays a pivotal role in the immune system. MHC
IT molecules are responsible for processing and presenting
epitopes from foreign pathogens to Helper T Lymphocytes
(HTL). When helper T cells are activated through this inter-
action, they initiate the generation of adaptive immunity
by producing various cytokines. Activated helper T cells
are versatile and have a significant impact on the immune
response. They assist in activating the humoral immune
system by helping B cells with processes like antibody
class-switching and affinity maturation. Additionally, they
contribute to cell-mediated immunity by activating T-cyto-
toxic cells and macrophages, enhancing the body’s ability
to combat infections. One of their most critical roles is in
generating memory immune cells. This memory formation
is essential for effective vaccines, as it enables the immune
system to remember and respond more swiftly and effec-
tively to previously encountered pathogens. Helper T cells
are indeed integral in vaccine development and the body’s
defence against various diseases. For HTL epitope predic-
tion NetMHClIpan-1.4 tool is used (https://services.health-
tech.dtu.dk/services/NetMHClIpan-4.1/) (Reynisson et al.
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2020). NetMHClIpan-4.1 server is a tool that leverages
Artificial Neural Networks (ANNSs) to predict peptide bind-
ing to various MHC class II molecules. With its extensive
training dataset covering HLA-DR, HLA-DQ, and HLA-DP
isotypes, it provides valuable insights into the likelihood of
a peptide being naturally presented by a specific MHC 11
receptor. Threshold for strong binder (% Rank) was taken
1 and Threshold for weak binder (% Rank) was taken 5.
It allows for more accurate predictions of peptide-MHC 11
interactions, which are crucial for understanding immune
responses and designing effective therapies. In this study
epitopes that bind strongly with MHCII are taken into con-
sideration for further study.

B cell epitope prediction

B cell is responsible for the production of antibodies against
any pathogen, for that it needs to be activated by a specific
epitope. B cell epitope prediction based on the sequence has
been done for antigenic proteins of NiV. Antibody epitope
prediction has been done from IEDB server by Bepipred
Linear Epitope Prediction 2.0 method (http://tools.iedb.org/
beell/) (Jespersen et al. 2017). The tool employs both the
propensity scale method and the physiochemical properties
of the antigenic sequence for screening potential epitopes.
This approach can enhance the accuracy of epitope predic-
tion and aid in various applications, such as vaccine devel-
opment or immunological studies.

Population coverage analysis of the epitope

T lymphocytes recognize pathogen-derived epitopes
through specific MHC molecules. The diversity of these
MHC molecules, known as HLA in humans, is substantial,
with over a thousand allelic variants identified (Janeway
et al. 2001). These variants vary frequently across ethnici-
ties (Al Nagbi et al. 2021). Consequently, when designing
T-cell epitope-based diagnostics or vaccines, choosing epi-
topes that can bind to various HLA alleles is crucial. This
approach ensures a broader patient population coverage and
is particularly important when dealing with diseases affect-
ing diverse ethnic groups. Population coverage of all the
selected epitopes is done by IEDB server (http://tools.iedb.
org/population/) (Bui et al. 2006). Epitopes having large
population coverage are taken for further analysis.

Characterization of epitope
Antigenicity prediction of epitope

The sequence that is to be used as an epitope should be
antigenic to create an immune response in the human
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body. All nine proteins of NiV is run through VaxiJen
v2.0 tool (https://www.ddg-pharmfac.net/vaxijen/Vaxi-
Jen/VaxiJen.html) to predict antigenicity (Doytchinova
and Flower 2007). A threshold antigen score of 0.7 is
taken for the prediction. Proteins below this score are
considered non antigenic and are not incorporated in later
analysis.

Toxicity prediction of epitope

Epitopes that are analysed further has to be non-toxic.
Toxicity prediction of the epitope is done by the Toxin-
Pred tool (https://webs.iiitd.edu.in/raghava/toxinpred/
protein.php). The tool predicts toxicity along with other
important physio-chemical properties like hydrophobic-
ity, hydrophilicity, charge, molecular weight, and hydro-
pathicity. The toxicity prediction analysis was done by
the “SVM (Swiss-Prot) based” (support vector machine)
method.

Immunogenicity prediction

Quantification of immunogenicity is important to deter-
mine the level of immune response elicited by an epit-
ope/MHC. Immunogenicity of all the selected epitopes of
NiV has been done by the IEDB server (http://tools.iedb.
org/immunogenicity/) (Calis et al. 2013).

Molecular docking analysis of CTL and HTL with HLA
allele

The interaction between proteins and peptides plays a
vital role in cellular functions. Predicting these inter-
actions is essential for comprehending the molecular
mechanisms underlying biological processes and facili-
tating the development of peptide-based vaccine. In this
context, the study utilized the PyRx tool (Dallakyan and
Olson 2015) to explore the interactions between HLA
proteins and identified peptides, which serve as epit-
opes for T cells. This tool assesses potential interactions
between a peptide and its target receptor, constructing
optimal models. For the molecular docking analysis, all
receptor proteins (MHC-I/MHC-II) were sought in the
Protein Data Bank (PDB) server, and their 3D structures
were retrieved. Only peptides demonstrating high binding
affinity to their respective MCH complexes were included
in the study. The HDOCK server (http://hdock.phys.hust.
edu.cn/) and GALAXYWEB tool were employed to rein-
force the results. The outcomes were visualized using
Pymol (Yuan et al. 2017), followed by Ligplot to illus-
trate interactive amino acids with the receptor molecule.

Molecular interaction analysis of epitopes with TLR-
3

The molecular interaction analysis of the selected epit-
opes with TLR3 was conducted through molecular dock-
ing. Initially, HDOCK was employed, followed by the
PyRx tool (Dallakyan and Olson 2015). The 3D structure
of human TLR3 was obtained from the PDB databank
for the molecular docking process. Subsequently, residue
interactions across the interface of the chosen epitope in
complex with TLR3 were scrutinized using Pymol and
visually represented through the Ligplot server.

Analysis of molecular interactions between epitopes
and the TAP transporter

The molecular docking analysis of the selected epitopes
with the TAP transporter cavity was conducted through
molecular docking, utilizing the PyRx tool (Dallakyan
and Olson 2015). The cryo-EM structure of the TAP
transporter downloaded from PDB (PDB ID: Suld)
served as the structural model, antigens are removed
from the TAP cavity of the original structure and epit-
ope-TAP interactions were studied. The TAP transporter
plays a crucial role in presenting CTL epitopes. After the
immuno-proteasomal processing of xenobiotic proteins,
the fragmented peptides are transported to the endoplas-
mic reticulum (ER) through the TAP transporter (Abele
and Tampe 2004).

Multi-epitope vaccine designing and
characterization

Multi-epitope vaccine formulation

For designing a MEV of the NiV selected two CTLs, two
HTLs, and two linear B-cell epitopes are aligned in a
single line. The correct adjuvants and adaptable intercon-
nected linker sequences are used to formulate the MEV.
Due to the lack of immunological properties of epitopes,
adjuvants are necessary to trigger the immune response.
From N terminus B-defensin, T helper adjuvant (TpD) and
Escherichia coli (E.coli) FimH adjuvant are aligned. TpD
is a universal adjuvant for TCD4 cells, protects mucosal
membranes, and stimulates the generation of neutraliz-
ing antibodies as well as potentially exhibiting superior
performance compared to “PADRE,” a peptide that binds
to multiple HLA-DR molecules with broad specificity
(Alexander et al. 1994; Chawla et al. 2023). FimH adju-
vant promotes IFN-y and TNF-a production; also, it is
effective in promoting mucosal immunity (Zhang et al.
2022). To construct a flexible protein configuration for
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the vaccine, EAAAK linkers link each adjuvant. CTLs
are linked by AAY linkers, HTLs are linked by GGGGS
linkers, and KK linkers link B cell epitopes.

Properties of the constructed vaccine candidate

The ProtPharam tool (https://web.expasy.org/protparam/)
(Gasteiger et al. 2005) is used to analyze the physiochem-
ical properties of the vaccine. Properties like Molecular
weight, number of amino acids, Total number of atoms,
Extinction coefficient, Theoretical pl, Aliphatic index
(AI), and Instability Index (II) are calculated using the
tool. Besides that, a vaccine should be non-allergenic and
have antigenic properties. VaxiJen v2.0 (Doytchinova and
Flower 2007) and AllergenFP server are used to evaluate
the antigenicity and allergenicity of the formulated vac-
cine candidate.

In-silico Immune simulation of MEV

Immune stimulation of the vaccine is done on the
C-ImmSim server (https://kraken.iac.rm.cnr.it/C-
IMMSIM/index.php); this server works based on a
position-specific scoring matrix (Rapin et al. 2010). The
C-ImmSim analyzes the effect of any antigen on several
immune cell lineages of the human immune system. Typi-
cally, it is advised to space consecutive vaccine doses at
least four weeks apart, although in specific cases, a lon-
ger interval might be appropriate (Robinson et al. 2018).
Therefore, in this study, three antigen injections are given
at a time interval of 4 weeks. Simulation is done up to 300
time steps (1 steps =8 h in real life) injecting antigen at 1,
90, and 180 time steps.

Tree scale: 0.1 +

Structure prediction, refinement, and stability of MEV
candidate

The term tertiary structure pertains to the overall spatial
arrangement of a protein’s polypeptide chains in three
dimensions. In our research, we utilized the Scratch pro-
tein predictor server (https://scratch.proteomics.ics.uci.
edu/) to forecast the tertiary structure of a vaccine candi-
date. To improve the accuracy of our model, we subjected
the generated 3D structure of the final vaccine, obtained
from the Scratch protein predictor tool, to the GalaxyRe-
fine 2 server (https://galaxy.seoklab.org/cgi-bin/submit.
cgi?type=REFINE) for protein structure refinement (Heo
et al. 2013). This server operates on data from molecu-
lar dynamics simulations following reconstructions of
active side chains. The information provided by the server
includes MolProbity for depicting crystallographic resolu-
tion, global distance test-high accuracy (GDT-HA), root-
mean-square deviation (RMSD), and Ramachandran’s
favored score. RMSD quantifies the distance between
atoms, with lower scores indicating more excellent stabil-
ity; typically, an RMSD falling from 0 to 1.2 is consid-
ered acceptable (Heo et al. 2013). Additionally, to assess
the stability of the structure, the refined PDB files were
analyzed using the PDBsum server (https://www.ebi.
ac.uk/thornton-srv/databases/pdbsum/). This tool identi-
fies the most favored regions via Ramachandran plots and
examines secondary structures, including motifs such as
beta turns, gamma turns, beta-hairpin, and disulfide bond
formations.

13 Ghana virus/GH-M74a/GHA/2009

12 Cedar virus isolate CG1a

14 NC 001906 3/Hendra virus

|: 6 NiV-FDA FDAARGOS/USA/2022
4 NiV-FDA FDAARGOS/Malaysia/2022

Fig. 2 Phylogenetic tree of selected NiV strains
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8 NiV-810405/Bangladesh/2021

7 NiV-810398/Bangladesh/2021
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Molecular docking of MEV and interaction with
MHC-1 and MHC-II

Molecular docking of formulated vaccines with human
MHC-I and MCH-II is done to analyze vaccine candidates’
binding affinity and compatibility. MHC-I and MHC-
II sequences are retrieved from the PDB server. Both the
receptor and ligand PDB files are uploaded to the Clus
Pro server (https://cluspro.bu.edu/results.php) to perform
molecular docking. They provide ten docked model based
on the binding affinity and energy scoring with descending
ranking order. The model with the best energy score was
downloaded and visualized through PyMol software. The
docked PDB file is uploaded in PDBsum to study the amino
acid interactions between vaccine and receptor chains. It
also provides the type of interactions and the number of
residues involved.

Codon optimization analysis and in-silico cloning of
vaccine candidate

For the validation of the formulated vaccine, its expression
in a host system should be checked. To analyze the opti-
mal expression of the vaccine construct inside the E.coli
expression system, IDT (Integrated DNA Technology)
codon optimization tool (https://www.idtdna.com/pages/
tools/codon-optimization-tool ?returnurl=%2FCodonOpt)
was explored for codon analysis, and optimization. Codon
optimization analysis is essential to study the expression
of vaccines in a foreign host system. IDT converted our
vaccine amino acid sequence into a nucleotide sequence,
followed by an optimization according to the E.coli (host
organism chosen). Codon adaptation index (CAI) and GC
content were calculated using the JCAT tool (https://www.
jcat.de/). Furthermore, the vaccine cDNA was analyzed
for the restriction enzyme; later, the gene of interest (here,
the vaccine construct with restriction sites) was inserted in
PET28 a (+) plasmid using SnapGene software (www.snap-
gene.com).

Result
Phylogenomics analysis

The linear RNA genome of NiV MCL-19-H-1134 isolate
2023 strain is visualized in Fig. 2. RNA genome of Para-
myxoviridae family along with Henipavirus nipahense
MCL-19-H-1134 isolate 2023 strain are aligned to obtain
the phylogenetic tree represented diagrammatically in
Fig. 3. The Ghana virus, Cedar virus, and Hendra virus were
presented as outgroups. MCL-19-H-1134 isolate 2023 strain
is closer to NiV-MCL-21-H-9808 India kerala 2022 isolate
(no.2) and Bangladesh 2020 isolate (no.11). NiV Malaysia
2022 strain(no.4) and NiV USA 2022 strain (no.6) have
common ancestor which lie in a same lineage of Hendra
virus (no.14.

Allergen and non-allergen proteins in NiV

Allergens are a category of antigens that elicit a strong
immune response, enabling the immune system to combat
a particular threat that would otherwise be harmless to the
body. These antigens have the potential to trigger type-1
hypersensitivity reactions, leading to allergic responses.
Due to their unsuitability for epitope-based vaccine devel-
opment, we deliberately excluded all allergens from our
research and focused exclusively on non-allergenic ele-
ments for subsequent investigations. The analysis includes
a thorough examination of nine proteins: nucleocapsid
protein, phosphoprotein, V protein, W protein, C protein,
matrix protein, fusion protein, attachment glycoprotein,
and polymerase. With the exception of the C protein, all the
other proteins are determined to be non-allergenic, prompt-
ing further investigation.

Antigen and non-antigen protein analysis

An antigenic protein, when introduced into a host, can
induce a response, making it an ideal candidate for vaccine
development. Consequently, all nine proteins were obtained
from NCBI and assessed for their antigenicity using the
VaxiJen v2.0 server, which assigned an antigenic score to
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Table 1 All protein of NiV with their antigen score (threshold 0.7) ana-

lysed in VaxiJen v2.0

Proteins Score Antigen/ non antigen
Nucleocapsid protein 0.6709 Non-antigen
Phosphoprotein 0.6669 Non antigen

V protein 0.7219 Antigen

W protein 0.8053 Antigen

C protein 0.4380 Non antigen

Matrix protein 0.4829 Non-antigen

Fusion protein 0.3644 Non-antigen
Attachment glycoprotein 0.4417 Non-antigen

each protein. A threshold of 0.7 was set; proteins with scores
exceeding 0.7 were classified as antigenic, while those below
were deemed non-antigenic. Upon scrutinizing the NiV
proteins, the VaxiJen scores for V protein (WKR82403.1)
and W protein (WKR82404.1) surpassed the 0.7 threshold
Table 1. Consequently, further analysis was conducted on V
and W proteins, while the remaining proteins were excluded
from consideration in vaccine construction.

Cytotoxic T-cell (CTL) epitope prediction

AllergenFp analysis predicts two non-allergenic proteins;
V protein (protein id- WKR82403.1) and W protein (pro-
tein id- WKR82404.1) as antigenic which fulfil the criterion
(antigen score 0.7219 and 0.8053) to run it into the NetCTL
1.2 server for CTL prediction. Among them, W protein has
the highest antigen score (Table 1) hence it will create a high
immune response in human cells. CTL analysis is done for
W protein. Cytotoxic T cells are activated by MCH class
I epitopes resulting in the activation of adaptive immune

response. For our study epitopes showing a binding score
of more than 0.8 are considered as CTL epitope. Where the
NetCTL score represents the binding affinity and specific-
ity of the epitope to MHC. Three epitopes VSDAKVLSY,
LSDAKVLS, and NSDAQPLY'Y which are 9-mer sequences
having NetCTL scores 0.996544, 0.949801, 0.923207,
respectively are found against the HLA-A*01:01 allele.
Similarly, SPQKRLPML, MPKSRGIPI and KPADAPGAL
are found against HLA-B*07:02 allele, and AIPFTPKNL is
found against HLA-C*01:02, Table 2.

Helper T-cell prediction

NiV W protein was analysed to predict the possible epit-
ope that binds more likely to respective MHC-II com-
plexes. The NetMHClIpan-4.1 server utilizes Artificial
Neural Networks (ANNs) to forecast the binding of pep-
tides to MHC II molecules with known protein sequences.
According to NetMHClIIpan prediction epitopes with high
binding scores are sorted. There are a total of four epit-
opes (E) showing promising binding affinity with different
HLA alleles. E1 (RETDLVHLE) show high binding affinity
with allele HLA-DPA10103-DPB10101, HLA-DPA10106-
DPB10301, HLA-DQA10101-DQB10201, HLA-
DQA10102-DQB10202, @ HLA-DQA10104-DQB10204.
E2 (ITSDAVQNA) bind promisingly with HLA-
DQA10101-DQB10201,  HLA-DQA10102-DQB10202,
HLA-DQA10103-DQB10203, HLA-DQA10104-
DQB10204, HLA-DQA10105-DQB10205 alleles.
E3(IVGISPEEE) has good binding affinity with HLA-
DQA10101-DQB10201, = HLA-DQA10102-DQB10202,

Table 2 CTL epitope analysis of W protein of NiV by NetCTL-1.2 server

Allele Start End Length  Peptide Core Icore Score Percentile rank
HLA-A*01:01 151 159 9 VSDAKVLSY VSDAKVLSY  VSDAKVLSY 0.996544  0.01
HLA-A*01:01 150 159 10 LVSDAKVLSY LSDAKVLSY  LVSDAKVLSY 0.949801  0.02
HLA-A*01:01 353 365 13 NSQQGKDAQPLYY NSDAQPLYY NSQQGKDAQPLYY 0.923207 0.03
HLA-A*01:01 106 116 11 QLDPVVTDVVY QLDPTDVVY QLDPVVTDVVY 0.83942 0.05
HLA-A*01:01 148 159 12 VCLVSDAKVLSY VSDAKVLSY  VCLVSDAKVLSY 0.780317  0.07
HLA-A*02:01 106 114 9 QLDPVVTDV QLDPVVTDV  QLDPVVTDV 0.870003  0.05
HLA-A*02:01 155 163 9 KVLSYAPEI KVLSYAPEI KVLSYAPEI 0.600046 0.2
HLA-A*02:01 105 114 10 IQLDPVVTDV IQLDPVVTV IQLDPVVTDV 0.582264  0.21
HLA-A*02:01 207 215 9 VIAEHYYGL VIAEHYYGL  VIAEHYYGL 0.553093  0.23
HLA-A*02:01 105 115 11 IQLDPVVTDVV IQLDPVVTV  IQLDPVVTDVV 0.475095  0.28
HLA-B*07:02 320 328 9 SPQKRLPML SPQKRLPML  SPQKRLPML 0.972555  0.02
HLA-B*07:02 396 404 9 MPKSRGIPI MPKSRGIPI MPKSRGIPI 0.939144  0.04
HLA-B*07:02 302 311 10 KPADAPGAGL KPADAPGAL  KPADAPGAGL 0.932132  0.04
HLA-B*07:02 394 402 9 TPMPKSRGI TPMPKSRGI TPMPKSRGI 0.892711 0.05
HLA-B*07:02 278 287 10 KPIESVGHIL KPIESGHIL KPIESVGHIL 0.850321  0.06
HLA-C*01:02 190 198 9 AIPFTPKNL AIPFTPKNL AIPFTPKNL 0.904462  0.02
HLA-C*01:02 319 327 9 KSPQKRLPM KSPQKRLPM  KSPQKRLPM 0.552218  0.07
HLA-C*01:02 193 200 8 FTPKNLSV FTP-KNLSV FTPKNLSV 0.516517  0.08
HLA-C*01:02 199 207 9 SVPAKDSPV SVPAKDSPV SVPAKDSPV 0.420344  0.11
HLA-C*01:02 372 379 8 RSPDKTEI RSPDK-TEI RSPDKTEI 0.349253  0.14
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HLA-DQA10103-DQB10203, HLA-DQA10104-
DQB10204, HLA-DQA10105-DQB10205 alleles. And
E4 (YRSIEGSRS) with DRBI 0101, DRBI1 0103,
DRB1_0105 alleles. Protein sequence with core epitope and
their binding HLA alleles are listed in (online resource 1).

Identification of B-cell epitope

B-lymphocytes play a crucial role in the humoral immune
system, producing a diverse array of pathogen-specific
antibodies that not only reduce the viral load but also
contribute to antigen neutralization. To predict epitopes
capable of activating B-cells, the antigenic proteome was
assessed using the IEDB server. A threshold of 0.500
was considered (Fig. 4) and total of six epitopes (online
resource 2), varying in length, were identified as having
the potential to activate B-cells and were consequently
included in this study.

Population coverage analysis

While studying population coverage analysis of the epitopes
and their corresponding MHC alleles, we received three
major epitopes interacting with alleles that have the most
population coverage throughout the globe. Population of a
total of 14 countries are studied from them RETDLVHLE,
KNLSVPAKD, and AIPFTPKNL shown creating immune
response in populations. Among the above RETDLVHLE is
the highest, it covers 95.63% population in Brazil, 87.61%
of China, 79.86% of England, 94.86% of India, 98.04% of
Russia, and covers 99.94% population in the United States.
Epitopes with their population coverage for all the countries
are given in the Fig. 5.

Toxicity,immunogenicity, and physiochemical
analysis

Antigenic epitopes are further analysed through Toxin-
Pred server. Epitopes with their toxicity prediction score
are given in Table 3, only the non-toxic epitopes were con-
sidered for further study. Along with the toxin prediction
and immunogenicity other physiochemical properties like
Hydrophobicity, Hydropathicity, Hydrophilicity, Charge,
and Molecular weight are also considered and listed in Table
3. A high immunogenicity score indicates more immuno-
genic epitopes.

Molecular interaction and validation of epitope
Molecular docking analysis of CTL and HTL with HLA allele

Molecular docking study was conducted to study the inter-
action of epitopes with different HLA alleles. The study
revealed that a total of four epitopes have high binding
affinity to the HLA allele which are RETDLVHLE, KNLS-
VPAKD, YRSIEGSR, and AIPFTPKNL. Epitope RET-
DLVHLE binds with high affinity with HLA-DP as well
as HLA-DQ with a binding energy of -15.6 kcal/mol and
—14.3 kcal/mol respectively. Epitopes with their binding
affinity with respective HLA alleles are given in Table 4.
Molecular docking interactions of epitopes with HLA
alleles and their visualization followed by amino acid inter-
action are shown in Figs. 6, 7, 8, 9 and 10.

Molecular interaction analysis of epitopes with TLR-3
TLR protein plays an important role in the recognition of

pathogens and stimulates various signaling pathways in the
viral infection (Christmas 2010). A molecular interaction

Fig. 4 B-cell epitope prediction
by IEDB server. The line above
the threshold (yellow) represents
B-cell epitope and the line below
the threshold (green) does not.
Average: 0.582 Minimum: 0.261 06 4
Maximum: 0.729 Center posi-

tion: 4 Threshold: 0.500

0.7 A

Score
o
wv

1
|

0.4

0.3

20 0 20 40 60 80 100 120 140 160 180 200 220 240 260 280 300 320 340 360 380 400 420 440 460 480

Position

@ Springer



69 Page 10 of 19 In Silico Pharmacology (2024) 12:69
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Table 3 Toxicity of epitopes with SVM score and other chemical properties

Peptide sequence SVM score Prediction Hydrophobicity Hydropathicity Hydrophilicity Charge Mol wt.

AIPFTPKNL -0.95 Non-Toxin 0.01 0.18 -0.42 1.00 1000.33
IVGISPEEE -0.98 Non-Toxin -0.00 -0.01 0.47 -3.00 972.19
KNLSVPAKD -0.76 Non-Toxin -0.29 -0.82 0.63 1.00 971.24
KPADAPGAL -0.86 Non-Toxin -0.06 -0.20 0.30 0.00 839.07
KSPQKRLPM -0.78 Non-Toxin -0.47 -1.57 0.71 3.00 1084.47
LQIKGNKPA -0.61 Non-Toxin -0.21 -0.74 0.26 2.00 968.30
MPKSRGIPI -1.21 Non-Toxin -0.15 -0.21 0.16 2.00 998.38
QLDPTDVVY -1.30 Non-Toxin -0.07 -0.19 -0.13 -2.00 1212.46
RETDLVHLE -0.46 Non-Toxin -0.30 -0.79 0.67 -1.50 1111.35
RETDLVHLE -0.46 Non-Toxin -0.30 -0.79 0.67 -1.50 1111.35
SPQKRLPML -0.99 Non-Toxin -0.29 -0.71 0.18 2.00 1069.46
VIAEHYYGL -0.20 Non-Toxin 0.12 0.46 -0.77 -0.50 1177.52
VSDAKVLSY -1.05 Non-Toxin -0.05 0.37 -0.10 0.00 1144.42
YRSIEGSR -0.57 Non-Toxin -0.47 -1.41 0.69 1.00 967.15
YTSDDEEAD -0.87 Non-Toxin -0.40 -2.06 1.34 -5.00 1044.05

Table 4 Binding affinity of different epitopes with their subsequent HLA alleles. Epitope with higher binding affinity is highlighted

MHC Allele Sequence Epitope Binding energy (kcal/mol)
MHC 11 HLA-DPA10103-DPB10101 SKEDRETDLVHLEDK RETDLVHLE -15.6
MHCII HLA-DPA10106-DPB10301 FTPKNLSVPAKDSPV KNLSVPAKD -13.4
MHC 1T HLA-DPA10104-DPB10201 DSPVIAEHYYGLGVR VIAEHYYGL -8.9
MHC I HLA-DQA10101-DQB10201 DSIKLYTSDDEEADQ YTSDDEEAD -12
MHC 11 HLA-DQA10101-DQB10201 SKEDRETDLVHLEDK RETDLVHLE -14.3
MHC 11 HLA-DQA10101-DQB10201 SEVIVGISPEEEEPS IVGISPEEE -11.6
MHC 11 DRB1_0101 PLYYRSIEGSRSPDK YRSIEGSR -12.1
MHC 11 DRB1 0103 RDSLQIKGNKPADAP LQIKGNKPA -9.2
MHCI HLA-B*07:02 SPQKRLPML SPQKRLPML -11.3
MHCI HLA-B*07:02 MPKSRGIPI MPKSRGIPI -10.5
MHCI HLA-B*07:02 KPADAPGAGL KPADAPGAL -1.5
MHCI HLA-C*01:02 KSPQKRLPM -11.6
MHCI HLA-C*01:02 AIPFTPKNL -13.1
MHCI HLA-A*01:01 VSDAKVLSY -11.5
MHCI HLA-A*01:01 QLDPTDVVY -11.2

@ Springer



In Silico Pharmacology (2024) 12:69

Page 110f 19 69

Fig.6 Interaction of RET-
DLVHLE with HLA DP and
amino acid interaction is visual-
ized through Ligplot software

Fig. 7 Interaction of RET-
DLVHLE with HLA DQ and
amino acid interaction is visual-
ized through Ligplot software

RETDLVHLE_HLA_DQ

Fig. 8 Interaction of AIPFTPKNL
with HLA C and amino acid
interaction is visualized through
Ligplot software
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Fig.9 Interaction of YRSIEGSR
with HLA DR and amino acid "";;g Ser9™) o

interaction is visualized through
Ligplot software

YRSIEGSR_HLA-DR

Fig. 10 Interaction of KNLS-
VPAKD with HLA DP and amino
acid interaction is visualized
through Ligplot software

KNLSVPAKD_HLA-DP

study of TLR3 with the epitopes of the NiV was done. A
binding affinity of -11.6 kcal/mol, -10.5 keal/mol, -10.1 kcal/
mol, and —9.5 kcal/mol with epitope RETDLVHLE,
KNLSVPAKD, AIPFTPKNL and YRSIEGSR respectively
was recorded. The interaction of all the epitopes with TLR3
protein is shown in (online resource 3).

Multi-epitope vaccine designing and
characterization

Multi-epitope vaccine formulation
Six selected epitopes from CTLs, HTLs, and B cell epit-
opes are joined with appropriate linker sequences (AAY,

GGGGS, and KK) and aligned in a straight line. EAAAK
linkers are used to join two consecutive epitopes with
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specific adjuvants. A schematic representation of the MEV
construct is shown in Fig. 12b.

Properties of the constructed vaccine candidate

The final vaccine construct consists of 480 amino acids,
verified by the result obtained from the ProtPharam tool
(https://web.expasy.org/protparam/) analysis. Vaxijen 2.0
and AllergenFP web server results indicate that the vac-
cine construct is antigenic and non-allergenic. Furthermore,
the molecular weight of the vaccine is 50721.39, and the
molecular formula is C,,44H3536N4040699S 6. Other physio-
chemical properties like extinction coefficient, theoretical
pl, Aliphatic index (Al), instability index (II), and GRAVY
are listed in the online resource 4.
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In-silico immune simulation of MEV

C-ImmSim result shows the effective mammalian immune
response against the formulated vaccine. Figure 11 depicts
the computational analysis of the immune response trig-
gered by our vaccine. It is a 3-dose vaccine given at a time
interval of 30 days and observed up to 100 days. Upon ana-
lyzing the effects of the first dose in contrast to the subse-
quent second and third doses, it becomes clear that there is a
rise in the levels of different antibodies, such as IgM + IgG,
IgM, 1gG1 +1gG2, IgG1, and IgG2 (Fig. 11a). This suggests
that administration of the experimental vaccine results in an
enhanced antibody reaction.

Moreover, the Nipah MEV candidate can stimulate the
production of different cytokines, such as IFN-gamma,
interleukin-4 (IL4), interleukin-12 (IL12), and transform-
ing growth factor-beta (TGF-p). Following the initial dose,
the second dose of the vaccine leads to reduced levels of

IFN-gamma and TGF beta, while IL-12 remains consis-
tent with no significant alterations (Fig:11b). A subsequent
increase was seen in B, TH, and PLB cell populations
(Fig. 11c, d, h). Moreover, the population of TC cells starts
decreasing 15 days after the first dose, but TC memory cells
remain constant (Fig. 11e). Natural killer (NK) cell prolif-
eration was also noted, along with dendritic cells, which
play a crucial role as mediators in activating T cells (Peter-
son and Barry 2021) (Fig. 11f). Dendritic cells maintain
an active state throughout the entire duration and do not
exhibit significant fluctuations during administering injec-
tion doses (Fig. 11g). The number of B cell populations in
the active state increases with each vaccine dose (Fig. 111);
likewise, the number of TC cell populations in the active
state is maximum in 30 days after the first dose, and on a
contradictory resting cell number decreases drastically after
the initial vaccination dose (Fig. 11j). Active TH cell and
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Fig. 11 NiV vaccine immune simulation. (a) Antigen and immuno-
globulins (b) Concentration of cytokines and interleukins. D in the
inset plot is danger signal. (¢) Plasma B lymphocytes count sub-
divided per isotype (d) CD4 T-helper lymphocytes count. The plot
shows total and memory counts. (e) CD8 T-cytotoxic lymphocytes
count. Total and memory shown. (f) Natural Killer cells (total count).

(g) Dendritic cells; The curves show the total number broken down to
active, resting, internalized and presenting the ag. (h) Plasma B lym-
phocytes count sub-divided per isotype (i) B lymphocytes population
per entity-state (j) CD8 T-cytotoxic lymphocytes count per entity-state
(k) CD4 T-helper lymphocytes count sub-divided per entity-state (1)
MA population per state
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MA cell population increases with each vaccine dose shown
in Fig. 11k, L

Structure prediction, refinement, and stability of MEV
candidate

The tertiary structure of the MEV construct is predicted
and visualized (Fig. 12a). For the stability assessment, the
PDBsum server gives the secondary structure of the vaccine
with helices stranded by sheets. Figure 12c represents the
vaccine secondary structure with beta turns, gamma turns,
and beta hairpins. The topology of the vaccine structure is
given in Fig. 12d. The Ramachandran plot depicts the most
favoured regions containing 92.7% of amino acids Fig. 12e.

Molecular docking of MEV and interaction with
MHC-l and MHC-II

Molecular docking of MEV with MHC-1 and MHC-II was
done in the ClusPro web server. The most suitably docked
model was collected and visualized in Fig. 13a and b. The

amino acid interactions between ligand and receptor were
also analyzed in the PDBsum server. Side chain interac-
tions, represented by coloured lines in the Fig. 14, demon-
strated various types of interactions, including salt-bridge
(red line), hydrogen bonds (blue lines), and non-bonded
contacts (orange dashed lines). In MHC-I, only one side
chain (chain D) was found interacting with vaccine resi-
due (chain C) involving 30 amino acids (Fig. 14a), whereas
MHC-II interacts by two side chains (chain D and B) with
vaccine residue (chain C) involving 28:31 and 1:1 amino
acid residue (Fig. 14b, ¢). Ramachandran plot analysis of
docked candidates depicts the most favoured regions con-
taining 81.6% of amino acids for the MEV-MHCI complex
(Fig. 14d) and 84.3% of amino acids for the MEV-MHCII
complex Fig. 14e.

Codon optimization analysis and in-silico cloning of
vaccine candidate

To effectively produce and purify the multi-subunit vac-
cine, it is essential to have a suitable expression system that
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Fig. 12 Structure prediction and validation of MEV candidate. (a) Tertiary structure od MEV. (b) Schematic representation of MEV formulation.
(¢, d) Secondary structure and topology of MEV candidate predicted by PDBsum server. (¢) Ramachandran plot of MEV tertiary structure
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Fig. 13 Molecular docking of
MEV. (a) MEV-MHC class 1
complex. (b) MEV-MHC class I1
complex

Multiepitop»e_\, \d

Vaccine

Multiepitope

Vaccine

Fig. 14 (a) Amino acid residue interaction between MHC-I (chain D)
and vaccine (chain C). (b, ¢) Amino acid interaction between MHC-11
(chain D, B) and vaccine (chain C). (d) Ramachandran plot of MEV-

incorporates codons specifically chosen to match the expres-
sion host (Majee et al. 2021). From 180 amino acid vaccine
candidates, 1440 nucleotide cDNA chains were made and
optimized according to the E. coli host. The selection of a
particular codon for coding an amino acid differs depend-
ing on the type of host organism (Bahir et al. 2009). Here,
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MHCI complex tertiary structure. (e¢) Ramachandran plot of MEV-
MHC-II complex tertiary structure

typically, the codon adaptation index (CAI) was considered.
The CAI value ranges from 0 to 1, creating an array for cod-
ing a specific protein by a codon. The higher CAI value of a
codon indicates a high bias toward that codon by the organ-
ism in translation (Carbone et al. 2003). To enhance codon
optimization specifically for the E.coli K12 strain, the Java
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Codon Adaptation Tool (JCAT) was utilized. In this study,
the CAI value of the vaccine construct cDNA for the E.coli
K12 strain was 0.965, and the GC content was 52.2%. Com-
plete vaccine sequences with linkers and their optimized
nucleotide sequence according to the host Organism E. coli
are provided in the online resource 5. Vaccine cDNA was
successfully inserted into the pET28a(+) expression vector
with the help of the SnapGene tool; prior to insertion, two
restriction sites were inserted respectively (Eco53KI and
Hpal) in the start and end region of the vaccine sequence.
The in silico cloning creates a 5367 bp expression vector
Fig. 15 which can be inserted into the host organism for
expression.

Discussion

In the field of in silico vaccine design, commonly referred to
as reverse vaccinology, the tasks involve screening, select-
ing, and mapping vaccines using bioinformatics tools and
software (Sharma et al. 2021). In this context, our research
evaluates a pan-specific MEV designed for the NiV. NiV,
causing acute respiratory infection and fatal encephali-
tis in humans, had a significant outbreak in Malaysia in
1998. Ribavirin treatment during this outbreak led to a
36% reduction in mortality for patients with NiV encepha-
litis (Chong et al. 2001; Johnson et al. 2021). Although the
practice of self-medication could exacerbate the vulnerabil-
ity of the situation (Zeb et al. 2022). Recently, September
2023 recorded several deaths caused by the NiV in Kerala,
India, and brought the virus back into focus. Despite this,

Fig. 15 Insilico cloning of for-
mulated vaccine in pET28a(+)
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no commercial vaccines are available for the virus Hence,
significant approaches should be obligatory to build active
immunity and approved therapeutics for the NiV. For the
management of NiV outbreak, approved therapeutics are
needed, and, in that case, epitope-subunit vaccines derived
from pathogen proteome are the best approach. In the past,
numerous investigations have been done on the Nipah struc-
tural proteins, particularly Glycoprotein G and phospho-
protein proteins, as targets for creating vaccine candidates
through various approaches. (Kaushik 2020; Majee et al.
2021; Srivastava et al. 2023).

In this study, phylogenetic analysis was done, which
revealed the relative closeness between viruses of the same
genus; representative strains were selected for the devel-
opment of a vaccine. Proteome analysis of 9 NiV proteins
revealed that V protein (WKR82403.1) and W protein
(WKR82404.1) are non-allergic and antigenic; among
them, W protein has the maximum antigen score (Table 1).
So, the server prediction for the W protein makes it more
acceptable, and the epitopes from the W protein will cause a
high immune response. As indicated in Table 4, the peptides
YRSIEGSR and AIPFTPKNL exhibit substantially negative
docking scores (-12.1 and —13.1 kcal/mol, respectively)
when interacting with MHC class I alleles, suggesting high
binding affinities. Similarly, the peptides RETDLVHLE and
KNLSVPAKD show more negative docking scores with
MHC class II complexes, indicating strong binding affinities
to these MHC alleles. Comparable results were observed for
two B cell epitopes. Also, they show high population cover-
age around the globe, which can create an immune response
in a wide range of populations. The epitope RETDLVHLE

(80) BlpI 6xHis

PaeR7I - PspXI - XhoI (158)
EagI - NotI (166)

SalI (179)

Spel (192)

BclI* (281)

Mfel (290)

SnaBI (839)

Bsal (933)
RsrII (967)
NcoI (978)
BseRI (1036)

inator
& M

> —W o
< és

BstXI (1251)
Multiepitope Vaccine
5362 bp
BsrGI (1475)
BsrDI (1478)

KasI (1755)

BsaHI - NarI* (1756)
Sfol (1757)

PIUTI (1759)

PshAI (1961)

FspI - FspAI (2198)

BsaBI* (2414)
(2859) Pfol



In Silico Pharmacology (2024) 12:69

Page 17 0of 19 69

binds to TLR-3 with an affinity of -11.6 kcal/mol and also
demonstrates strong interaction with the TAP cavity, high-
lighting its potential effectiveness for vaccine development.
The vaccine consists of 480 amino acids along with nec-
essary linker sequences. The vaccine construct is linked
with B-defensin, universal TpD, and the final subunit of
E.coli type 1 fimbria (FimH) adjuvants to boost the immune
response. Prior investigations have shown that the E. coli
type 1 FimH adjuvant induces the production of TNF-o and
IFN-y, promoting the proliferation of local dendritic cells
(Zhang et al. 2022). Conversely, TpD has demonstrated
the capability to stimulate the production of neutralizing
antibodies (Chan et al. 2020; Li et al. 2018). With a nega-
tive GRAVY score of -0.009, indicating hydrophilicity, and
an instability index of 32.49, below the threshold of 40,
denoting stability, our vaccine candidate exhibits favor-
able physicochemical characteristics. Similar findings were
observed in a study by Nguyen, T. L. and Kim, H. (2024)
against the Powassan virus. In in silico immune simulation
study, successive vaccine doses led to a notable increase in
the concentration of IgM +1gG, IgM, 1gG1 +1gG2, IgGl,
and IgG2, indicating a robust immune response (Fig. 11a).
Molecular docking was employed to study the affinity
between the vaccine and human major histocompatibility
complexes. The 3D structure of the molecular docked com-
plexes was visualized in Fig. 12a, and Ramachandran plot
results confirmed the stability of the docked complex. In the
MEV-MHCI docked complex, 81.6% of amino acids resided
in the most favoured region (Fig. 14a), while in the MEV-
MHCII docked complex, 84.3% of amino acids were within
the most favored region (Fig. 14b). Side-chain interactions,
represented by coloured lines in Fig. 14a, b,c, signify the
effective molecular complex formation between MEV and
MHC. Overall, our MEV candidate exhibits high stability in
terms of structural conformation, favorable physiochemical
characteristics, strong molecular bonding with MHC, and,
importantly, a robust immune response in the human body.
To check the adaptation of the vaccine, the amino acid
sequence is optimized as per the expression host system (E.
coli K12). A 1440 bp host-specific optimized cDNA with
52.2% GC content and a CAl value of 0.965 indicates a high
level of adaptation of a gene’s codon usage to the preferred
codon usage of E. coli is inserted into pET28a(+) expres-
sion vector for in-silico cloning. Similar work has been
done by Nayak et al. 2024 on monkeypox virus disease.
However, designing a MEV using bioinformatics has
significant limitations. As dynamic macromolecular com-
plexes, proteins can exhibit unexpected interactions within
biological systems. Moreover, reliance on 9-mer epitope
prediction methods may overlook significant responses,
and combining 9-mer and 10-mer predictions still poses
limitations due to variable epitope lengths. Additionally, the

promiscuity of HLA class I binding and the poorly defined
motifs for less-studied HLA class I alleles exacerbate these
challenges (Silva-Arrieta et al. 2020).

Developing an accurate model for such epitopes could
advance epitope-based vaccine design. Machine learning-
based models show promise for enhancing mRNA vaccine
design. Incorporating epitope-based design into mRNA vac-
cine development could significantly boost their immunoge-
nicity and efficacy. This may be followed by validation in in
vitro and in vivo models.

Conclusion

Recently, the viral pandemic in the world has caused serious
damage to society, overwhelming healthcare systems and
creating unprecedented challenges in managing both criti-
cal and routine medical care. The preset study is also related
to NiV. The study employs a fundamental immunoinfor-
matic approach to develop a novel MEV for the NiV. By
thoroughly analysing NiV structural proteins, we identified
key CTLs, HTLs, and B cell epitopes. These epitopes were
further screened based on their binding affinity to MHC-
HLA alleles. Selected epitopes were utilized to construct a
vaccine candidate with significant antigenic potency while
being non-toxic, non-allergenic, and possessing favour-
able physicochemical properties. Molecular docking and
immune simulations provided evidence for the efficacy and
safety of the formulated vaccine candidate. This compu-
tational research substantially contributes to the field and
paves the way for in vitro and in vivo studies, ultimately
leading to the development of a NiV vaccine. Additionally,
our results indicate that the multi-peptide vaccine can be
efficiently expressed in a common bacterial system, such as
E.coli, making it a highly effective prophylactic solution for
Nipah viral disease. This vaccine could be tested and poten-
tially deployed in real-world scenarios, supporting global
efforts to combat and mitigate the emerging threat of NiV
infections.
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