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INTRODUCTION

EBV is further classified into two primary subgroups (type 1 and type 2); these two groups
differ mainly in the EBNA-3 (nuclear immunogen-3 gene). Both subgroups are reported
worldwide; however, in most of the populations, type 1 is dominant. Sore throat, swelling,
fatigue, fever, swollen lymph nodes, and rashes on the skin are the clinical symptoms of
infections with EBV. The virus is transmitted orally and is usually transmitted through

contact with close family in childhood and infancy. Among the ways to prevent contracting
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the virus is to reduce close contact with people suspected or infected with the virus and
avoiding using an ordinary toothbrush, sharing food, or exchanging bodily fluids. Immunity
against EBV has been studied extensively. Natural killer (NK) cells play an important role in
the innate immune response, delaying or preventing the EBV transformation of B cells
through the production of interferon gamma (IFN-g). Subsequently, the virus elicits strong
adaptive immune responses, primarily mediated by cytotoxic CD8 T cells. CD8 T cell
responses eliminate viral-infected cells upon recognition of EBV peptide antigens bound to
MHC I molecules in the surface of target cells.

Although it affects about 90% of adults worldwide, inactive latent EBV usually does not
cause severe health problems. In contrast, the virus can cause diseases such as Burkitt’s

lymphoma (BL), Hodgkin lymphoma (HL), nasopharyngeal carcinoma and gastric cancer.

This study employs a comprehensive computational approach to design a MEV construct
targeting EBV. Key stages include epitope prediction, vaccine construct modeling, molecular
docking with immune receptors (e.g., TLRs, MHC molecules), and structural validation using
bioinformatics tools. Molecular docking is a pivotal step in assessing the binding affinity and
stability of the vaccine- receptor complex, while structural validation ensures the

conformational integrity and quality of the construct.

By leveraging computer-based methods, this study provides a framework for rapid, cost-
effective, and rational vaccine design, offering a promising avenue toward combating EBV

and its associated diseases.

Docking

Docking in the context of molecular biology and computational chemistry refers to a method
used to predict the interaction between two molecules, typically

e A small molecule (ligand) and a macromolecule (usually a protein) Example: Drug

binding to a viral protein

Molecular docking is a computational technique that predicts the preferred orientation and
binding affinity of one molecule (e.g., ligand) when it binds to another (e.g., protein), forming
a stable complex. Usually docking is used for

o Predict how drugs or peptides bind to target proteins

« Understand binding sites, interaction residues, and binding energy

www.wipr.net | Vol 14, Issue 16,2025. |  1SO 9001: 2015 Certified Journal |  ggg



Jayaseelan et al. World Journal of Pharmaceutical Research

« Aid indrug design, vaccine development, and protein function prediction

In silico Vaccine design

In silico vaccine design is the process of utilizing computational biology, bioinformatics
algorithms, and computer simulations to predict and design potential vaccine candidates by
identifying immunogenic epitopes, optimizing antigen structures, and simulating immune
responses, thereby accelerating vaccine development and reducing the need for extensive

laboratory testing in the early stages.

It is Used in the SARS-CoV-2 (COVID-19) epitope-based vaccines, Tuberculosis multi-

epitope vaccines, Epstein Bar virus, HPV, HIV, Zika virus computational vaccine design.

Protein Preparation and Control Ligand Selection

The three-dimensional (3D) crystal structure of EBV gL with a resolution of 4.80 A was
retrieved from the RCSB Protein Data Bank (PDB) with PDB ID 6C5V. Since only gL was
our target protein against which docking of candidate compounds needed to occur, we
removed the glycoprotein H, glycoprotein 42, other protein chains, protein cofactors, water
molecules, and metal ions. The protein cofactors and metal ions were removed to skip
unwanted interference during docking simulations. Subsequently, we added polar hydrogen

atoms and merged non-polar hydrogen atoms using BIOVIA Discovery Studio Visualizer.

Gasteiger charges were calculated using AutoDock tools. Finally, the control ligand, NAG (2-
acetamido-2-deoxy-beta-D-glucopyranose), associated was downloaded from the PubChem
database with PubChem.

Antigen antibody preparation

Antigen-antibody preparation refers to the experimental process in which specific antigens
and their corresponding antibodies are combined under controlled laboratory conditions to
form immune complexes. This preparation is essential for various immunological assays and
diagnostic applications, including ELISA, immunoprecipitation, Western blotting, and
immunohistochemistry. The procedure typically involves selecting high-purity antigens and
antibodies, optimizing their concentrations, and incubating them under conditions that

preserve specificity and binding affinity, ensuring accurate and reproducible results.
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Parameters for insilico vaccine

1.

10.

Epitope Prediction: Identification of B-cell and T-cell epitopes based on antigenicity,
binding affinity to MHC molecules, and immunogenic potential.

Antigenicity: Assessment of the candidate's ability to elicit an immune response, typically
evaluated using prediction tools like VaxiJen or ANTIGENpro.

Allergenicity and Toxicity: Evaluation to ensure the vaccine candidate is non-allergenic
and non-toxic using tools such as AllerTOP, AllergenFP, and ToxinPred.

MHC Binding Affinity: Prediction of strong binding to MHC class | and Il alleles to
ensure effective antigen presentation.

Population Coverage: Analysis of epitope-HLA allele binding across different ethnic
populations to ensure broad immunogenic coverage.

Conservancy Analysis: Ensures selected epitopes are conserved across multiple strains or
variants of the pathogen.

Physicochemical Properties: Evaluation of molecular weight, isoelectric point, stability
index, aliphatic index, and hydropathicity to determine vaccine suitability.

3D Structure Modeling and Docking: Structural prediction and molecular docking
simulations of vaccine constructs with immune receptors (e.g., TLRs, MHC) to assess
interaction and binding efficiency.

Codon Optimization and In Silico Cloning: Optimization of gene sequences for
expression in a suitable host (commonly E. coli) and simulated cloning into expression
vectors.

Immune Simulation: Prediction of immune responses using computational models to

assess the dynamics of antibody production, cytokine release, and memory cell formation.

Binding Energy

Binding energy is the energy required to disassemble a system into its individual

components. In nuclear physics and chemistry, it's most often used in two main contexts.

Nuclear energy

It explains why mass is lost when a nucleus forms known as the mass defect. This "lost mass”

is converted into binding energy via Einstein's equation. High binding energy is equal to

more stable nucleus.
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In silico vaccine design refers to the use of computational tools to

Purpose tools

Genome retrival
Antigenic Protein Prediction Prediction of B-cell  [Uniport Vaxijenv2.0 ABC pred IEDB tools
Epitope Prediction of T-cell Epitope Allergenicity [Toxin pred

and Toxicity Screening Epitope Conservancy

Analysis IEDB tools
3D Structure modeling Swiss model
Molecular dynamics simulation of the Swiss dock

vaccine-receptor complexes
Autodock

Molecular docking

Epitope preparation
The insilico vaccine design, epitope preparation means identifying and selecting short,

antigenic parts of a pathogen's proteins (called epitopes) that can trigger an immune response.

These epitopes are used to build multi-epitope vaccines.

Identify Epitopes

o T-cell epitopes (CD8* and CD4"): predicted using IEDB tools.
o B-cell epitopes: predicted using ABCpred.

Protein Selection

The Epstein-Barr virus (EBV), a member of the Herpesviridae family, is known for its ability
to establish persistent infections within host cells, primarily through a state of latency. During
latency, EBV expresses a subset of proteins that maintain the viral genome, evade immune
responses, and drive oncogenic transformation, making them ideal targets for a vaccine.
Among these are EBNAIL, which play pivotal roles in promoting Epstein barr virus

transformations within infected cells.

EBNAL: EBNAL is indispensable for maintaining the viral genome in host cells by tethering
the episomal DNA to host chromosomes during cell division. It facilitates immune evasion by
inhibiting antigen presentation through its Gly-Ala repeat domain, reducing recognition by
cytotoxic T lymphocytes. Additionally, EBNAL1 can modulate host cellular pathways to
promote immune evasion and tumor progression. Its consistent expression in latency types I,
I1, and 111, but absence in latency 0, makes it a prime target for therapeutic intervention. In

NPC, which predominantly exhibits latency type 1I, EBNAL plays a crucial role in sustaining
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viral persistence and driving oncogenesis through immune evasion and tumor- supportive

mechanisms.

Steps involved in insilico vaccine development
I. Genome retrieval
I. Antigenic protein prediction
[11. Epitope mapping
IV. Prediction of Conformational B-Cell Epitope
V. Prediction of Conformational T-Cell Epitopes
V1. Assessment of Allergenicity and Toxicity screening
VII. Epitope conservancy analysis
VIII. Modeling of the 3D Structure
IX. Molecular dynamics simulation of vaccine-receptor complex
X. Refinement analysis
XI1. Molecular Docking and Binding Affinity Analysis

Methodology and result of insilico vaccine development

Step 1: Genome Retrieval

Genome Retrieval in In Silico Vaccine Design is the first and foundational step in
computational vaccine development. It involves obtaining the complete or partial genome
(especially coding regions of interest) of a pathogen to identify potential vaccine targets. All
sequences were extracted in FASTA format and will be used for epitope prediction, structural
modeling, and immunogenicity assessments in the vaccine development pipeline. All
sequences were extracted in FASTA format and will be used for epitope prediction, structural

modeling, and immunogenicity assessments in the vaccine development pipeline.

|>5p IPO2211 | EENAL EBVES Epstein—Barr nuclear antigen 1 OS=Epstein—Barxr
virus (strain B%5—8) OCX=10377 GN=EBNAl PE=1 sSV=1
MSDEGPGTGPGNGLGERKGDTSGPEGSGGESGPORREGGDNHGRGRGRGRGRGGGRPGAPGGS
SGSGPRIHRDGVRRPOFRPSCIGCRGTHGGTGAGAGAGGAGAGCAGAGGCAGAGGCGAGGAGS
AGGAGAGGGAGAGSGGAGCGAGGAGAGGCAGAGGECAGGAGAGGGAGCGAGGAGAGGSGAGAGGS
AGGAGAGGGAGGAGGAGAGGEGGAGAGCGAGGAGGAGAGGAGAGGGAGGAGGAGAGGAGAGGA
GAGGAGAGGAGGAGAGGAGGAGAGSAGGAGAGGGAGGAGAGEGAGCGAGAGGAGGAGAGGEA
GGAGAGGAGGAGAGGGAGAGGAGAGGEGGGRGRGGSGERGRGGSGEGRGRGGSGGRRGRGRER
ARGGSRERARGRGRGRGERRPRSPSSQSSSSGSPPRRPPPGRRERPEFHPVGEADY FEYHQRE
SGGPDGEPDVEFPGATEQGPADDPGEGSGPSTGPRGQGDGGREEEGGWEFGHKHRGQGGSNPEFEN
ITAEGLRATLILARSHVERTTDEGTWVAGVEVYGSGGSETSLYNLRRGTAT.ATPOCRLTPLSRLP
FCGMAPGPGPOPGPLEES IVCYFMVEF LOTHIFAEVLEDATKDLVMTEPAPTCNIRVTWVCSE
DDGVDLPPWEF PPMVEGAAAFRGDDGDDGDEGGDGDEGEEGQE

>sp |l P1L2S78 | EBNAZ EBVEBS Epstein—Barr nuclear antigen Z OS=Epstein—Barxr
wvirus (strain BS5—-8) OX=10377 CGN=EBNAZ PE=1 sSVv=1

MPTEFY LATHGGOTYHLIVDTDSLGNPSLSVIPSNPYQEQLSDTPLIPLTIFVGENTGVEP
FLFFFFFFFFFFFFFFFFFFFFFFFFFFSFFPFPFFFFFPFFPFFPFFPORRDAWTOEFSFPFLDRDFPLGY
DVGHGPLASAMRMLWMANY IVROSRGDRGLILPOGPOTAPOART.VOPHVPPLRPTAPTIT.
SPFLSQFPRLTFFOFLMMFPFFREFTFFTPLFPFATLTVFEFFPFRPFTRFTTLFFTFLLTVLORFPTELQE
TEPFSPPREMHLEPFVLHVPDOSMHPLTHQSTPNDPDSPEPRESPTVEYNI PPMPLPPSQOLPPPAL
PAOPPPGVINDOOT.HHLPSGPPWWPPICDPPOPSKTOQGOSRGOSRGRGRGRGRGRGEGES
FDEORFFPFGGEPFWRFEFNTSSPFSMPFELSFPFVLGLHQGOGAGDSPFTPGFSNAAPVCRNSHTATE
NVSPITHEPESHNSPEAPILFPDDWYPPSIDPADLDESWDY ITFETTESPSSDEDY VEGPSK
REPRFESIQ
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EBNAL sequences were obtained from three different Epstein-Barr virus (EBV) strains with
the following UniProt accession numbers: P03211 (strain B95-8), P12978 (strain GD1), and
Q1HVFT7 (strain AG876), each consisting of 641 amino acids.

Step2: Antigenic Protein Prediction

Protein sequences in this study were considered to screen out using VaxiJen web server for
the identification of potent antigenic protein. The most potent antigenic protein having a
maximum total prediction score of 0.5416. Here the threshold of 0.4 is considered as the

potent antigenicity. This sequence was used for further analysis.

MModel selected:z virus

Threshold for this mmodels O

WA R S UL S AN S T

SPFPENA @ EBEYVEBEPSTEINABRRNCL.EAEREADNT L GED
MNSE PSS TEINARRVIRES S TRATNGNENA TR S
MSDEGEFSTGEFGCGNGILGERKGDT SO FRFEGS GSGGE3S GERE
PR RGGCGDNHRAGCGR GCRGCRGCEREGCRGOCGCGRPGCAPGCGGS GS
CGPRHRDGVRERRPORKREPSCIGOCKGTHGG T GGAGR
SAGCGGCGAGCGAGGEGAGCGA GO GCGAGCGAGGOGGCGAGGCGAGGCGAG S
SAGCGGGGGAGCAGGGGEGAGCGAGGGAGCGASTGTGEGACGAGCGTSSAS
S S S (S SIS SRS (GG (S (S(G IS (S S (S (S SN (S
S S GG GGG A G A (GG CSCACGRAGG (SRS (SRS S A G (S CS
AGAGSGGGGEGAGGAGGAGCAGGCGAGAGCGGAGCGAGGCGAGAS
e F Nl Ve b e PN e F e e T oW T oW oW T T W T W
=Nt - W a3 L W W N e N N e e N e = o W - W e = Wy
A GG EGAGAGEGAGAGEGEERGCRGGS GGEGRGR G
SEECCECGRGCGROCGCGSOCECGREREGCRGRERARGGSEREERARGE
CRGRGEHKRPRSPSSOSSSSGGSPPRRPEPEPGRER
PFFHEPVYVGCEAD Y FEREYHORGGERPEIWGEPRPDWVERGAT
EoOCPADDEPGCEREGCPS T PR GCGOGCDGGCGREREGOGWE
CHHRGOGCGSNPKFENITAREGLRAT.T.ARSHVER
T DR G T W A G P VW Yy GG S KT SITILY NILERRGT AT .5
TP CRIL T EPLSRLPPFCMAPSCSPGCPQOPGCPLERE ST
VY F MYV E IL O THI FARLVLEFEIDAT KR DILLVMMT E EAE
TN TRV T W OC S F DGV DL E EPWE P EFMWEGAA AR
SDDGGDDGEDEGGDGDEGE EGOED

O werall Predicotion for the Prortective Aantigen — O.S416 ( Probable AT T ECEETN )

Bioinformatics tools help screen for outer membrane proteins and virulence factors.

Step 3: Epitope Mapping

Epitope mapping in Epstein-Barr Virus (EBV) is a crucial technique used to identify specific
regions (epitopes) of EBV proteins that are recognized by the immune system, particularly by
B cells (antibody responses) and T cells (CD4+ and CD8+ responses). This helps in
understanding immune control of EBV, guiding vaccine development, and identifying targets

for immunotherapy.

Step 4: Prediction of B-cell Epitope

To ABCpred server predicted 58 B-cell epitopes: five epitopes were for GP 42, eight for GP
H, nineteen for GP B, one for GP L and GP N, five for GP M, and nineteen for GP 350.
However, epitopes with scores above 0.99 were selected as the most potentially antigenic
epitopes. Therefore, only one epitope each from GP42, GL, GM, GN and GH; four epitopes
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from GB; and fifteen epitopes from GP350 were found to meet the threshold value.

TABULAR RESULT

Predicted B-cell epitope

The predicted B cell epitopes are ranked according to their score obtained by trained recurrent neural network.
Higher score of the peptide means the higher probability to be as epitope.
All the pepfides shown here are above the threshold value chosen.

‘Rank sequence [start position [score |
‘1 |EescesepgrReDi | .95 |H
[ Peareqepanopcesp 53 .95 I
[ |cescscrrimDGvRP 120 .95 I
2 HeRsrereRcRaecp 10t o.94 [
B |maecoocooeoEcene oen .93 I
B |pvHgesepocepove |78 .93 I
f |PerpancLcexcors 66 .91 I
f |PregaDceRRkKGaiF 512 o.91 I
B |wmerpronmrry oas 0.9 I
s |keairoemeqseste 523 0.9 I
B seaseacaseeacers 335 0.9 I
B |seaseacaseeacers 326 0.9 I
s cacseaceaceachce st 0.9 I
B oaseaseaseacase |2 0.9 I
B |seaseacaseeacers [ 0.9 I
s |snsseaseaseacase 220 lo.9 I
B ccaseacascencac 14 .9 [
[ |chGseAGoAGGAGAGE 193 lo.0 I

The selected epitopes were further evaluated for antigenicity using VaxiJen 2.0 (threshold >
0.4), allergenicity using AllerTop 2.0, and toxicity using ToxinPred.

Step 5: Prediction of T-cell epitope

Epitope predictions for all seven proteins were conducted on Net CTL, an online epitope
prediction server. MHC-1 binding prediction using the SMM method resulted in many
potential epitopes against one allele, HLA-A*24:02. The weight matrix and artificial neural

network was used for the prediction of MHC-1 binding and proteasome dependent C-terminal
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MHC-T Binding Prediction Results

Method used: netmhcpan_el

allele seq_num start end length peptide score percentile rank
HLA-B*@7: @2 1 397 4es =l RPPPGRRPF ©.966589 e.e2
HLA-B*35:01 1 407 415 =l HPWVGEADYF ©.964565 @.e2
HLA-A*+@3: 21 1 578 586 =l AIKDLVMTK @.958049 @.e1
HLA-A*11:81 1 s78 S86 o AIKDLVMTK @.933216 e.e1
HLA-B*51:81 1 686 614 =} LPPWEPPMY @.916488 e.e2
HLA-B*@7: @2 1 72 se El RPQKRPSCI @.9e7598 e.e4a
HLA-A*308: 01 1 578 586 El AIKDLVMTK @.9e1802 e.e1
HLA-B*@7: 82 1 sas s54 El GPGPQPGPL @.890273 e.es
HLA-B*53:01 1 407 415 =l HPWVGEADYF @.860752 @.e3
HLA-B*@7: 82 1 38e 388 =Y RPRSPSSQS @.853895 e.es
HLA-B*@7: 82 1 s28 s36 =} IPQCRLTPL @.834495 e.e7
HLA-B*@8: 81 1 518 526 =l YHLRRGTAL @.822952 e.e3
HLA-A*68: @1 1 577 586 1e DATIKDLVMTK @.817731 e.19
HLA-B*@7: 82 1 397 4e6 1e RPPPGRRPFF ©.8e4968 o.es
HLA-A*31:01 1 514 522 =l KTSLYMLRR ©.802294 @.e6
HLA-B*@7: 82 1 sse ss8 =Y QPGPLREST @.798453 o.es
HLA-B*@7: 82 1 396 aes 1e RRPPPGRRPF @.769944 e.es
HLA-B*35:81 1 S63 S71 =} MVFLQTHIF @.759642 e.es
HLA-A*68: @1 1 388 396 El SSSSGSPPR @.756656 e.25
HLA-A*68: @1 1 389 397 El SSSGSPPRR ©.744718 e.26
HLA-A*+68: 01 1 524 532 =l TALAIPQCR @.741852 ©.27
HLA-B*35:01 1 406 415 1e FHPVGEADYF ©.67017 ©.13
HLA-B*@7: 82 1 38e 389 1e RPRSPSSQSS e.667733 e.14a
HLA-A*11:81 1 388 396 =} SSSSGSPPR @.653443 e.17
HLA-B*53: @1 1 4e6 415 1e FHPVGEADYF @.653254 e.e7
HLA-B*15: @1 1 563 571 El MVFLQTHIF @.649019 e.18
HLA-A*@2: 83 1 S65 s74 1e FLQTHIFAEV @.647024 @.12
HLA-A*+@2: 86 1 566 574 =l LQTHIFAEW ©.627734 ©.14
HLA-A*32:81 1 S63 S71 =Y MVFLQTHIF e.626712 e.es
HLA-A*31:81 1 512 521 1e GSKTSLYNLR @.624489 e.21
HLA-B*15:81 1 ave a78 =} GQGGSHPKE @.62245 8.2
HLA-B*@8: 01 1 72 se El RPQKRPSCI @.5979 ©.e9
HLA-A*@2: @3 1 s74 582 El VLKDAIKDL @.596567 e.15
HLA-A*+@3: 21 1 ses 514 =l GVFVYGGSK ©.596022 @.25
HLA-A*11:01 1 514 522 =l KTSLYMLRR ©.57126 ©.23
HLA-B*44:83 1 494 ses3 1e VERTTDEGTW ©.569646 e.2
HLA-A*G8: 81 1 s78 S86 =} AIKDLVMTK @.567637 @.53
HLA-A*68: @1 1 2a 33 1e EGSGGSGPQR ©.561771 e.54
HLA-B*57: @1 1 563 571 El MVFLQTHIF @.561615 e.as
HLA-A*24: 82 1 ses 517 El VYGGSKTSL @.551263 ©.17
HLA-B*@8: 01 1 528 536 =l IPQCRLTPL ©.542773 ©.13
HLA-B*15: 81 1 552 S61 1e GPLRESIVCY @.539414 @.25
HLA-A*31:81 1 a8 496 =} LLARSHVER @.539141 e.31
HLA-B*44:82 1 494 ses 1e VERTTDEGTIW @.538283 e.17
HLA-B*@7: @2 1 588 597 1e APTCHMIRVTV ©.533737 e.21
HLA-A*31:01 1 389 397 El SSSGSPPRR ©.53097 ©.32

Step 6: Allergenicity and Toxicity Screening

The antigenicity of the designed vaccines was assessed using the VexiJen v2.0 server, with a
threshold value of 0.5. We made use of the ToxinPred server to assess the toxicity of the
created vaccinations. Furthermore, a number of physicochemical properties of the vaccine
constructs, including molecular weight, Grand Average of Hydropathicity (GRAVY),
theoretical isoelectric point (pl), instability index, aliphatic index, and half-life, were
estimated using the Expasy ProtParam tool. Assessing the solubility of proteins that are
involved in the creation of vaccines is important since it has a big influence on how well they

work.

ToxinPred2 Home  Prediction Design Motif Scan BLAST Search Download  General -

Output of ToxinPred 2.0 Prediction Module

The results are displayed in a tabular format. The provided table contains a sequence header, predicted scores (ML Score) generated from the selected
machine learning model along with the prediction of the query sequence. For the Hybrid approach, the prediction is based on a combination of scores
generated from machine learning (RF), MERCI, and BLAST as Hybrid Score. The results of the Hybrid approach show the sequence header, ML Score,
MERCI score, BLAST Score, Hybrid Score and prediction of the query sequence. Thanks for using our server ToxinPred2 for predicting toxic proteins, your
Job ID: 17196 for reference. In case you need more information, click on Help. To download results as a csv file : Click Here

Subject ML Score MERCI Score BLAST Score Hybrid Score Prediction
sp|P03211|EBNA1_EBVB9 0.18 (o] (¢} 0.18 Non-Toxin
sp|P12978|EBNA2_EBVB9 0.3 0 0 0.3 Non-Toxin

Predicted peptides are analyzed for safety using tools like ToxinPred.
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Step 7: Epitope Conservancy Analysis

Epitope conservancy was assessed using the IEDB Epitope Conservancy Analysis Tool,
which identifies matches of epitope sequences within the protein dataset at 100% identity
thresholds. The percentage of strains matching each epitope was computed. Additionally, the
minimum and maximum sequence identity percentages across all sequences were recorded.
Our results demonstrate high conservation of several immunodominant CD8* T-cell epitopes

across diverse EBV strains, supporting their inclusion in universal vaccine designs.

However, epitope variability, particularly within EBNA1 and EBNA3 family proteins, and
type-specific divergence (notably between EBV type 1 and type 2), may limit the efficacy of
single-epitope-based interventions in heterogeneous populations.

These findings highlight the need to incorporate conserved epitopes and consider epitope
flanking regions during immunogen design to ensure broad T-cell recognition. Epitope library
strategies or consensus sequence constructs may offer broader coverage across global EBV
diversity.

Zpitope Conservancy Analysis Result

Jownload result [x]

pitope #  Epitope name  Epitope sequence Epitope length  Percent of protein sequence matches at identity <=100%  Minimum identity ~ Maximum identity  View details

1 ws-separated-0 | PYLFWLAAT 9 7.50% (3/40) 33.33% 100.00% Go
2 ws-separated-1 | QPRAPIRPI 9 0.00% (0/40) 22.22% 55.56% Go
3 ws-separated-2 | ATIGTAMYKFRKAQIQGL 18 0.00% (0/40) 1.11% 38.89% Go
4 ws-separated-3 | FLDKGTYTL 9 5.00% (2/40) 22.22% 100.00% Go
5 ws-separated-4 | LPEPLPQGQLTAY 13 2.50% (1/40) 23.08% 100.00% Go
[ ws-separated-5 | VSFIEFVGW 9 2.50% (1/40) 22.22% 100.00% Go
T ws-separated-6 | SSCSSCPLSK 10 5.00% (2/40) 20.00% 100.00% Go
8 ws-separated-7 | VSFIEFVGW 9 2.50% (1/40) 22.22% 100.00% Go
4 ws-separated-8 | AGAGGGAGGAGAGGGAGGAG 20 2.50% (1/40) 15.00% 100.00% Go
10 ws-separated-9 | TGGVYHFVKKHVHES 15 2.50% (1/40) 13.33% 100.00% Go
1 ws-separated-10 | TLDYKPLSV 9 2.50% (1/40) 33.33% 100.00% Go
12 ws-separated-11 | SQAPLPCVL 9 2.50% (1/40) 33.33% 100.00% Go
= ws-separated-12 | TALYLQQNW 9 5.00% (2/40) 22.22% 100.00% Go
14 ws-separated-13 | LTAGFLIFL 9 7.50% (3/40) 33.33% 100.00% Go
15 ws-separated-14 | SSCSSCPLSKI 1 5.00% (2/40) 18.18% 100.00% Go

The majority of epitopes showed poor conservation across the 40 EBV protein sequences
analyzed. Only two epitopes—PYLFWLAAI and LTAGFLIFL—were conserved in more
than 7% of sequences. Notably, many epitopes showed 100% identity in at least one sequence
(max identity = 100%), but their overall presence was sparse, indicating sequence

heterogeneity within the dataset.
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Epitopes like QPRAPIRPI and ATIGTAMYKFRKAQIQGL were not conserved in any of
the protein sequences tested, with low minimum identity values (22.22% and 11.11%,
respectively), suggesting these regions are highly variable or not widely expressed in the
dataset.

Despite some epitopes reaching 100% identity in isolated sequences, the lack of broad
conservation may limit their suitability as universal vaccine or diagnostic targets unless they
are strain-specific. Future epitope selection should prioritize highly conserved regions across
multiple EBV genotypes and include flanking region analysis to improve immunogenicity

prediction.

Step 8: 3D Structure modeling.

3

The crystal structure of hexa meric ring of EBNA-1 obtained Structure of EBNA1 bound to
OriP DNA — PDB ID: 1B3T. Removal of the water molecules and final stage merging of
hydrogen atoms to the receptor molecule was successful. The 3D structure of EBNA-1 was
visualized using RASMOL with the analysis of depicted in brown and cyan/green)—
suggesting alpha-helical secondary structure. A double-stranded DNA molecule (in pink

and blue)—most likely viral DNA or host genomic target.

Step 9: Molecular dynamics simulation of the vaccine-receptor complexes
Molecular dynamics (MD) simulation of vaccine-receptor complexes is a computational
technique used to study the physical interactions and dynamic behavior between a vaccine

candidate and its target receptor at the atomic level. This approach allows researchers to
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observe how the molecules move and interact over time under conditions that mimic the
physiological environment, such as temperature, pressure, and solvent presence. In the
context of vaccine development, the vaccine molecule—often a protein, peptide, or
nanoparticle—is docked to a host receptor, such as a Toll-like receptor, ACE2, or an MHC
molecule, to form a complex. Through MD simulations, scientists can assess the structural
stability of this complex, monitor conformational changes, and evaluate key interaction
features like hydrogen bonding, binding affinity, and flexibility.

The process involves several steps, including model preparation, energy minimization,
system equilibration, and long-timescale simulations that generate detailed trajectory data.
This data is then analyzed to understand the strength and nature of the vaccine-receptor
binding, offering insights into the vaccine's potential efficacy, stability, and immunogenicity.
Overall, MD simulations play a critical role in rational vaccine design by enabling a deeper

understanding of molecular interactions that drive immune responses.

Alignments

CCCCCCHHHHCCCCCGOGGCCEEEECCTTTTTTCCE

Chain: B 61
6cS5v. 1. BIPCCHVTQLRAQHLLALENISDIYLWVSNQTCDGFSL 63

EEEEECCCSTTCCCEEEEEEHHHHHHHHHHHHHHAT

Chein: BASLNSPKNGSNQLVISRCAWGLNVVSEEISILKRS of

6c5v.1.BIASLNSPKNGSNQLVISRCANGLNVVSFFISILKRS 98

GG GCCHHHHHHHHHHHHHHHTCCOCSGGGGTSCTTTT

Chain: BESAL TEHLRELLTTLETLYGSFSVEDLEGANLNRY

131
6c5v. 1. BSSALTGHLRELLTTLETLYGSFSVEDLFGANLNRY 133

C
Chain: B . 132
6cS5v.1.B A 134
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Chain B (likely the target or modeled sequence) and Chain 6¢c5v.1.B (a reference chain from
the Protein Data Bank). The alignment spans approximately 132—-133 amino acid residues,
with a high degree of sequence similarity evident from the nearly identical residues across the
entire length. Most positions in the alignment show strong conservation, indicated by the
consistent residue matches and tall purple bars, which represent high confidence or similarity
scores. The color coding further highlights conserved (blue/purple) and variable (orange/red)
regions, with only a few positions showing divergence. Additionally, the predicted secondary
structure elements (coils, helices, and beta strands) are largely consistent between the two
chains, supporting the structural similarity between them. Overall, the alignment is of high
quality, with minimal mismatches or gaps, suggesting that Chain B likely adopts a similar

three-dimensional structure to the reference chain 6¢5v.1.B.

QMEANDIsCo Global: @& +0.08 @
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The protein model has a QMEANDIsCo Global score of 0.72 + 0.08, indicating a fairly
reliable model. QMEAND:IsCo scores range from 0 to 1, with higher values representing
greater structural similarity to experimentally determined protein structures. A score above
0.7 is generally considered acceptable for comparative models. The local quality estimate
plot reveals that most regions of the protein model have moderate to high predicted similarity
to the target structure (values between 0.6 and 0.9), particularly around residues 55-105,
which show higher local quality (blue bars). Supporting quality metrics from the QMEAN
scoring components include a QMEAN score of -2.60, which is within acceptable limits for

modeled structures but indicates some deviations from high-resolution native structures. The
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CpP score of -0.13 and all atoms score of 0.17 suggest acceptable stereochemical and atomic
packing quality. In contrast, the solvation (-1.85) and torsion (-2.09) scores highlight
suboptimal hydrophobic packing and backbone geometry, respectively. The plot comparing
the model to a non-redundant set of PDB structures places it slightly below the bulk of high-
quality structures, as indicated by the red star, but still within a reasonable range for modeled

proteins.

Step 10: Refinement analysis

Analysis of the Ramachandran plot following structural refinement provides a critical
assessment of the stereochemical quality of the protein model. The plot evaluates the
distribution of the backbone dihedral angles ¢ (phi) and y (psi) for each residue, indicating
whether they occupy energetically favorable conformations. After refinement, a high
percentage of residues should be located within favored regions of the plot, with a minimal
number in allowed or disallowed regions. A refined model typically exhibits over 90-95% of
residues in favored regions, reflecting proper geometry and accurate fitting to experimental
data.

Residues found in disallowed regions are closely examined, as they may suggest modeling
errors or genuine structural flexibility. Thus, Ramachandran plot analysis serves as a key

validation tool to ensure the conformational integrity of the final protein structure.

Ramachandran Plots

Spppe - r— :
-180° 0° 1802
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MolProbity Results

Clash Score 1.85
Ramachandran Favoured 96.15%
[J Ramachandran CQutliers 0.96%
BET PRO
[J] Rotamer Outliers 2.15%

B44 ASMN, BT4 LEU

[] C-Beta Deviations 1
B67 PRO

[] Bad Bonds 17826
B27 PRO

[] Bad Angles 9/ 1121

B89 PHE, B8 LYS, B30 HIS, B47 ASPF, B38 HIS, B32 THR, B103 HIS

Post-refinement validation of the protein structure using Ramachandran plot analysis
and MolProbity metrics confirms the overall stereochemical quality of the model. A total
of 96.15% of residues fall within the favored regions of the Ramachandran plot, with only
0.96% identified as outliers, indicating that the backbone dihedral angles are predominantly
in energetically favorable conformations. The clash score of 1.85 further supports minimal
steric interference within the model. Additional validation showed 2.15% rotamer outliers,
a single C-beta deviation (B67 PRO), 1 bad bond (B27 PRO), and 9 bond angle outliers
out of 1,121 measured angles. While a few deviations were detected, they are minor and
localized, suggesting high overall model accuracy. These results demonstrate that the
refinement process effectively optimized the model geometry in accordance with known

protein structural constraints.

Step 11: Molecular docking

The molecular docking analysis, performed using Autodock vina server, demonstrated stable
and detailed binding interactions between the vaccine construct and the target receptors:
MHC-1 and MHC-II. The PDBsum results provided a comprehensive overview of the
interface areas, number of interacting residues, and interaction types, further validating the
strength and specificity of the docking outcomes. Protein data bank:3vfr

These results underscore the vaccine construct's potential to form highly stable and
energetically favorable interactions with immune receptors, supporting its efficacy in

stimulating an immune response against EBV.
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Energy Components

o [EPair: -8.84471 kcal/mol (pairwise interaction energy)
o Elntra: -0.307212 kcal/mol (intra-ligand energy)
o Total Binding Energy: -9.15192 kcal/mol

binding_energy=-8.16
ligand_efficiency=-0.33
inhib_constant=1.05
inhib_constant_units=uM
intermol_energy=-11.74
vdw_hb_desolv_energy=-11.74
electrostatic_energy=0.0
total_internal=431.57
torsional_energy=3.58
unbound_energy=431.57
filename=dock. dlig
clRMS=0.0
reRMS=23.06
rseed1=None
rseed2=None
1 hydrogen bonds formed:
ligand-2: :1451:H66 protein:B:TYR26:0OH

Molecular docking analysis revealed that the ligand binds favorably within the active site of
the target protein, exhibiting a total binding energy of —9.15 kcal/mol. The docking pose
demonstrated multiple key interactions with residues from both chains A and B, including
Arg234(A), GIn242(A), Serl1(B), Tyrl0(B), and Met99(B). Notably, hydrogen bonding and
electrostatic interactions contributed significantly to the ligand's stabilization within the
binding pocket, as illustrated by the interaction overlay. The ligand adopts a conformation
stabilized by an sp3- hybridized geometry, with nonpolar characteristics and no net partial
charge, consistent with the observed interaction profile. These findings suggest a stable and
energetically favorable binding mode, supporting the ligand’s potential as a lead compound

for further optimization.
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CONCLUSION

The computational methodologies elucidated in this research endeavor offer the potential to
unveil novel insights regarding the development of a multi-epitope vaccine targeting EBV’s
GP350 protein. Subsequent scrutiny of the newly formulated vaccine necessitates meticulous
evaluation through both in-vitro experiments and animal models. Promising results were
obtained from the evaluation of the vaccine’s tertiary structure, physiochemical
characteristics, antigenicity, and allergenicity. The selection of candidate proteins and
prioritization of epitopes were based on tested protocols. Our results demonstrated that the
multi- epitope vaccine might be potentially immunogenic and induce humoral and cellular
immune responses against EBV. This vaccine can interact appropriately with immunological
receptors also it has an high quality structure and suitable characteristics such as high
stability. This study underscores the potential of computational vaccine design as a cost-
effective and efficient strategy for developing targeted immunotherapies, paving the way for

a new era in personalized cancer immunotherapy.
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