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Abstract

Non-small cell lung cancer (NSCLC) is one of the most prevalent and fatal cancer worldwide. Vaccines being used currently

for NSCLC treatment are based on single-target with low specificity and don’t not show promising results. To address this

limitation, we have designed a multi-epitope vaccine using immunoinformatics approach. The study was aimed to design a

multi-epitope subunit vaccine that targets the AZIN1 protein, a novel target for non-small  cell  lung carcinoma (NSCLC).

The safety and efficacy of the vaccine was predicted by studying its physicochemical properties, molecular docking, thermo-

dynamics stability profiling, immune simulation and codon optimization. Different tools from IEDB server and BCPRED

were employed to predict B- and T-cell epitopes within antigenic AZIN1 protein followed by the selection of most immuno-

dominant peptides having overlapping B and T cell epitopes. Since, VaxiJen revealed a significant antigenicity score for the

sequence, therefore, a vaccine of immunogenic peptides specific to NSCLC was designed by molecular modeling and simula-

tion studies using WebGRO-UAMS and C-ImmSim Server. The constructed vaccine has overlapping T-cell and B-cell epi-

topes from AZIN1 protein that are highly antigenic, non-allergenic, non-toxic, conserved, and non-homologous. Molecular

docking of antibodies with human TL- receptors showed strong affinity for these receptors and the predicted vaccine stimu-

lated an excellent immune response.  Codon optimization revealed its  expression potential  (CAI value 0.959).  The AZIN1

based predicted vaccine is a novel and promising candidate considering its safety, efficacy in humans as shown in this in sil-

ico study.

Keywords: Non-Small Cell Lung Carcinoma; Antizyme Inhibitor 1; In Silico Vaccine Design; Epitope Prediction; Molecular

Dynamic Simulation; Immunoinformatics
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Introduction

Lung cancer is the most commonly diagnosed can-

cer second only to breast cancer. Non-small cell carcinoma

(NSCLC)  being  asymptomatic  at  early  stages  is  diagnosed

only  at  advanced  stages,  which  limits  the  therapeutic  op-

tions for the patients [1].

Resection  of  cancer  tissues  in  patients  at  an  ad-

vanced  stage  NSCLC  is  not  possible;  therefore,  different

treatment routines are followed to treat such patients. Che-

motherapy,  radiotherapy  and  metal-based  therapies  with

some  combination  of  drugs  are  part  of  the  treatment.  Al-

though these therapies increase the survival to some extent

but  overall  outcome  is  not  impressive  [2].  Various  drugs

based  on  biomarkers  EGFR,  ALK,  AKT,  RAS,  BRAF,  PD1

and CTLA4 are used for NSCLC treatment [3]. A brief anal-

ysis of these biomarkers is given in Table 1.

Table 1: Clinical biomarkers for NSCLC

Biomarker Clinical relevance to NSCLC Therapeutic significance Prevalence

Epidermal growth factor
receptor (EGFR) [4, 5]

Mutations drive proliferation
via MAPK and PI3K signaling

patways

Predicts response to
EGFR tyrosine kinase

inhibitors such gefitinib
and erlotinib

10-15% in western
population and upto

40% in Asian patients

Anaplastic lymphoma
kinase (ALK) [4]

Chromosomal rearrangements
like EML4-ALk fusion lead to
constitutive kinase activation

Targeted with ALK
inhibitors such as

crizotinib
3-5% of NSCLC cases

(Mesenchymal epithelial
transition factor (MET)

[4]

Amplification or exon 14
skipping mutations leading to

oncogenic signaling

Associated with resistance
to EGFR inhibitors and

targeted by MET
inhibitors

Occurs in 2-4% of
untreated tumours

and upto 20% of
resistant tumours

ROS-1 [4]
Gene fusions involving ROS-1

receptor tyrosine kinase

Sensitive to targeted
therapy for example

crizotinib

1-2% of NSCLC
patients

Kirsten rat sarcoma viral
oncogene (KRAS) [4]

Oncogenic mutations activate
downstream MAPK signaling

pathways

Associated with poor
prognosis and emerging

targeted therapies

25-30% of
adenocarcinomas

PD-1 / PD-L1 (Immune
Checkpoint Biomarkers)

[5,6]

Most widely predictive
biomarker, involved in the

immune regulatory pathway

PD-L1 expression
indicates tumour immune
invasion predicts response

to immune evasion and
immunotherapy response,

Variable expression

Tumor-Infiltrating
Lymphocytes (TILs) [7]

Promote tumor progression
by suppressing antitumor

immunity. Predictive/
prognostic immune

biomarker indicating T-cell
inflamed tumour

microenvironment

High CD8+ T cells
infiltration is associated

with better
immunotherapy outcomes

-

Despite new developments in the treatments of pa-

tients  diagnosed  with  advanced  NSCLC,  many  challenges

persist. One important challenge is resistance to the drug of

treatment  after  6-7  months  of  use  [8].  A  possible  reason

may be use of single target-based biomarkers; as cancer in-

volves  multiple  genes  and  proteins.  Moreover,  cancerous

cells recruit alternative pathways to skip the single target or

the target itself may get mutated [9, 10]. Therefore, poor per-

formance  of  these  therapies  for  treatment  NSCLC  has  al-

ways kept the researchers exploring for the ways to develop

new therapies for NSCLC [11].



3

JScholar Publishers J Bioinfo Comp Genom 2026 | Vol 7: 102

After continuous disappointments from single tar-

get  therapies  for  NSCLC,  multi  target  therapies  using  sys-

tems  biology  and  immunoinformatics  approaches  are  be-

coming more and more important. Today, the clinical focus

is  on  developing  efficient  therapeutic  cancer  vaccines  that

are able to promote an effective and durable T cell response

to specific tumor antigens.

Antizyme inhibitor 1 (AZIN1) has emerged as an

important gene which plays an important role in many can-

cers  including NSCLC.  It  regulates  polyamine biosynthesis

which  promotes  cell  differentiation,  growth  and  prolifera-

tion. Many studies prove that increased RNA editing of AZ-

IN1in tumors leads to mutations and its overexpression. Its

dysregulated interactions promote tumor growth, differenti-

ation and stemness in both polyamine dependent and inde-

pendent pathways [12, 13]. Mutations in AZIN1 has critical

role in cancer cell  migration mainly by upregulation of the

IL-8 [14].  In our previous study, we showed that AZIN1 is

the hub gene of dynamic network biomarker (DNB) of five

genes  (DNTTIP1,  EIF3H,  HMGCR,  PGAM1  and  AZIN1)

which  could  play  an  important  role  in  NSCLC  metastasis.

Functional  enrichment  studies  indicated  the  role  of  these

DNB genes in purine metabolism. In silico analysis of differ-

ent stages of NSCLC revealed large changes in expression of

DNB genes at  stage 2A-2B pointing it  to be the tipping

point of metastasis. Further, suppression of AZIN1 expres-

sion by miRNA silencing altered the expression of other

genes of DNB in NCI-40 cell line. These results indicated

dysregulated expression of AZIN1 DNB genes might play

role in NSCLC metastasis [15].

Prominent  role  of  AZIN1 in  cancers,  its  reported

mutations and over expression in tumors makes it an inter-

esting candidate for tumor associated antigen that could be

explored  for  a  potential  vaccine  design.  The  study  was  de-

signed having objectives: (i) to predict B -cell and T-cell epi-

topes  with  AZIN1  as  target;  (ii)  to  design  a  multi-epitope

subunit vaccine to target the AZIN1 protein; (iii) to predict

the  safety  and  efficacy  of  the  vaccine  by  studying  physico-

chemical properties, molecular docking, thermodynamic sta-

bility profiling; and (iv) to analyze immune simulation and

codon  optimization.  Flowchart  of  the  study  is  given  in

Fig.1.

Figure 1: Flowchart for the Methodology for Prediction of Multiepitope Vaccine

Materials and Methods

Protein Sequence Retrieval

Structure  of  human  antizyme  inhibitor  (PDB  ID:

4ZGZ) was retrieved from PDB (http://rscb.org/). The FAS-

TA sequence of this protein was retrieved from the National

Center  of  Biotechnology  Information  (NCBI)  database

(https://www.ncbi.nlm.nih.gov/).

B cell Epitope Prediction

From the sequence of AZIN1, B-cell epitopes were

predicted by several B-cell prediction methods in IEDB. Dif-

ferent methods include BepiPred [16], Chou & Fasman Be-

ta-Turn Prediction [17], Emini Surface Accessibilty Predic-

tion [18] , Karplus & Schulz Flexibility Prediction [19], Ko-

laskar  and  Tongaonkar  Antigenicity  [20]  and  Parker  Hy-

drophilicity Prediction [21] with default window and thresh-
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old values.

BepiPred  uses  hidden  Markov  model  and  a

propensity scale method to predict the location of linear B--

cell  epitopes.  The residues  with  scores  above the  threshold

(threshold value is 1) are predicted as a part of the epitope

and  colored  in  yellow  on  the  graph  (where  Y-axis  depicts

residue scores and X-axis residue positions in the sequence)

and marked with "E" in the output table. Chou Fasman pre-

dicts  turns  and  antigenicity  of  the  epitopes  were  predicted

by  Kolarkar  method.  Parker  method  identified  the  hy-

drophilicity  of  the  residues.

Cytotoxic T-Cell Epitope Predictions

To predict T-cell epitope, MHC (major histocom-

patibility complex) alleles for HLA class I and HLA class II

in  human  population  were  selected.  IEDB  predicts  MHC

class  I  epitopes  of  length 9  amino acids  based on the IC50

values (<50nM) of peptide. Cytotoxic T lymphocytes (CTL-

s) epitopes were predicted as they have crucial role in can-

cers. Next, these predicted epitopes were subjected to IEDB

MHC-I  prediction  tool.  10  immunogenic  epitopes  having

IC50 < 50 nM and VaxiJen antigenicity score> 0.4 were pre-

dicted.

Helper T-Cell Epitope Predictions

MHC  II  binding  epitopes  were  analyzed  using

IEDB  (http://tools.immuneepitope.org/mhcii/).  The  struc-

ture of MHC II has a deep groove which can accommodate

a  long  sequence  of  15  amino  acids.  Therefore,  peptide

length was set at 15 amino acids. 10 Epitopes were selected

based  on  IC50  value  (<50  nM))  and  VaxiJen  antigenicity

score > 0.4.

Due to allelic variation in individuals, it is not pos-

sible to treat all with a single epitope. Therefore, it is evident

to combine multiple epitopes or to take overlapping immun-

odominant  regions  containing  both  B  cell  and  T  cell  epi-

topes.  In  the  present  study,  multiple  sequence  alignments

(MSAs) tool Clustal Omega was used for aligning the B cell

and  T  cell  epitopes  which  align  big  sequences  quickly  and

accurately [22].

Population Coverage Analysis

Population coverage analysis for individuals is cru-

cial because epitopes may show allelic variations during in-

teraction  with  different  HLA  alleles.  Therefore,  IEDB  was

employed to  find out  the  percentage of  people  expected to

respond to a specific number of MHC-restricted epitopes in

Asian population and worldwide.

Multi-Epitope Vaccine Construction

Sequence  of  adjuvant  was  retrieved  from  NCBI.

An adjuvant PADRE was attached to N terminal of vaccine

whereas  EAAAK and AAY were  used  to  construct  vaccine

sequence [23].

Prediction of Secondary Structure and Physiochemi-
cal Analysis

The secondary structure of a protein is an essential

component  in  determining  its  folding  as  well  as  physico-

chemical  properties.  Thus,  for  the  prediction  of  the  se-

condary structure of our constructed multi-epitope vaccine

and to assess its structural properties and elements, we used

the  tool  ProtParam  (https://web.expasy.org/protparam/)

[24].

The  ProtParam  allows  the  computation  of  grand

average  hydropathicity  parameters  (GRAVY),  estimated

half-life,  molecular  weight,  instability  and  aliphatic  index,

theoretical pI, amino acid and atomic composition, and ext-

inction coefficient  of  the given protein.  The GRAVY value

of protein is calculated by adding up the hydropathy values

of all of the amino acids, dividing the total by the number of

residues in the sequence.

Prediction  of  Peptide  Allergenicity,  Transmem-
brane  Topology  and  Solubility

Vaccine antigens have the potential to cause allerg-

ic reactions; even mild reactions can lead to severe complica-

tions.  Unveiling  allergenicity  of  peptides  is  an  important

consideration to avoid such conditions. AlgPred [25] checks

peptide allergenicity of peptides by three methods, IgE bind-

ing, MAST and Blast allergen search. TMHMM server (htt-

p://www.cbs.dtu.dk/services/TMHMM/.) was used to check

the Transmembrane (TM) spanning regions of the predict-

ed vaccine candidate.
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Tertiary Structure Prediction of the Vaccine

SWISS  Model  [26]  predicted  three-dimensional

(3D)  structure  of  the  vaccine.  SWISS-MODEL  is  a  we-

b-based integrated service dedicated to protein structure ho-

mology modelling. It guides the user to building protein ho-

mology  models  at  different  levels  of  complexity.  GMQE

score gives an overall  model  quality measurement between

0 and 1. Higher value indicates high expected quality. Small

structural  distortions,  unfavourable  interactions  or  clashes

introduced  during  the  structure  modelling  process  are  re-

solved by energy minimization and a clash score is calculat-

ed. Clash score is an approximation of the overall severity of

the clashes in a structure.  The molprobity score provides a

single number that represents the protein quality statistics.

Molecular Dynamics Fluctuation Analysis

All  the  toll-like  receptors  (TLRs)  and  peptide

vaccine complex were subjected to docking, refining and dy-

namic  studies  to  monitor  the  stability  of  the  vaccine  con-

struct followed by the root mean square fluctuation graphs.

Molecular docking between the TLRs and the de-

signed vaccine was done by an online server HDOCK (htt-

p://hdock.phys.hust.edu.cn/).  It  is  an  integrated  server  for

robust  protein–protein  and  protein  -DNA  docking.  The

server  delivers  both  template-  and  docking-based  binding

models of two molecules and allows for download and inter-

active visualization.

Molecular Dynamics Simulations

Simulation studies were done using WebGro. It is

an  automated  online  tool  for  analysing  dynamics  simula-

tion of proteins alone or in complex with ligands. It is based

on the GROMACS simulation for performing molecular dy-

namics simulations in solvents as well as trajectory analysis

[27].

Immune Infiltration Analysis

The composition and abundance of immune cells

in the tumor microenvironment defines how patient will re-

spond  to  tumor  progression  and  immunotherapy.  Direct

measurement  methods  have  limitations  in  predicting  the

abundance of immune cells. Therefore, computational algo-

rithms are often used to infer immune system information

from bulk tumor transcriptome profiles [28, 29].

For analyzing immune infiltrates in different can-

cer  types  TIMER  2.0  (Tumor  Immune  Estimation  Re-

source) database (http://timer.cistrome.org/) was used [30].

The  results  for  the  correlation  between  our  hub  gene  AZ-

IN1 and tumor immune check points PD-1, PD-L1 and CT-

LA4 were analysed considering statistically significant at P
value<0.05. The Spearman’s coefficient was used to calcu-

late the correlation between AZIN1 expression and immune

cells.

Immune Simulation

To  detect  the  immune  response  of  the  predicted

vaccine,  the  C-ImmSim  Server  (https://kraken.iac.rm.cn-

r.it/C-ImmSim)  was  used  to  perform  the  immune  simula-

tion of cellular and humoral immunity of vaccine to mam-

mals  [31].  The injection procedure was at  time steps  equal

to  1  (one  time  step  corresponds  to  8h).  Other  parameters

like  Random  Seed,  the  Simulation  Volume,  the  Adjuvant

dose and Number of  antigens injected were system default

[32].

By  adjusting  the  host  organism's  codon  bias,  co-

don optimization is used to enhance the efficiency of transla-

tion and encourage the expression of a gene of interest. Co-

don bias is employed to achieve this [33]. Avoiding restric-

tion  enzyme  locations  was  part  of  the  codon  optimization

procedure.  Results  for  the  Codon  adaptation  index  (CAI)

and GC content percentage were also acquired. The vaccine

construct  was  ultimately  subjected  to  reverse  translation,

producing  a  150-nucleotide  cDNA  sequence.  The  codon

was adjusted in relation to the process of gene expression in

Homo sapiens using JCat [34].

Results

Prediction of B Cell Epitopes

As  B-cell  epitopes  play  an  important  role  in

vaccine design, clinical diagnosis, and antibody production,

a limited number of prediction models for linear or confor-

mational B-cell epitopes have been developed.

From the sequence of AZIN1, B-cell candidate epi-
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topes  were  analysed  by  several  B-cell  prediction  methods

from IEDB including BepiPred with threshold>0.5, Chou &

Fasman Beta-Turn Prediction, Parker Hydrophilicity Predic-

tion Karplus & Schulz Flexibility Prediction, Emini Surface

Accessibility  Prediction and Kolaskar  & Tongaonkar  Anti-

genicity with default window and threshold values (Fig.2A-

F).

Figure 2A: BepiPred linear epitope prediction; yellow areas above the threshold (red line) are proposed B cell epitopes, and the

green areas are not. [Threshold value=1.00]. Yellow color indicates the antigenic nature of the residues

Figure 2B: Chau Fasman Prediction of Turns

Figure 2c: Karplus Method Predicted Chain Flexibility in Proteins
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Figure 2D: Kolaskar and Tongaonkar Antigenicity Prediction

Figure 2E: Emini Surface Accessibility Prediction; Yellow Areas above the Threshold (Red Line) are Proposed to be Incorporat-

ed in B Cell Epitopes, and the Green Areas Are Not

Figure 2F: Parker Hydrophilicity Prediction; Yellow Areas above the Threshold (Red Line) Will Have Properties to Be B cell

Epitopes

The  hydrophilicity  of  anticipated  B-cell  epitopes

was  studied  using  the  Parker-hydrophilicity  analysis.  The

Chou and Fasman scale predicts beta turns. Surface accessi-

bility of epitope was predicted by
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Figure 3: Vexigen Score of the Selected B-Cell Epitopes

Emini method it is calculated as surface probabili-

ty  (Sn)  =  (n+4+i  )  (0.37)-6  where  Sn  stands  for  fractional

surface probability value, and its value varies from 1 to 6. B--

cell  linear  epitopes were identified by comparing results  of

predictions of all these algorithms. Only those top five epi-

topes were selected which were predicted by more than four

methods.  When  subjected  to  VexiJen  test  for  antigenecity,

these  peptides  passed  the  test  and  has  threshold  score

greater  than  0.4  (Fig.  3).

Prediction of Cytotoxic T Lymphocyte Epitopes

Cells have antigen presenting cells on the surface.

T-cell receptors (TCR) recognize T-cell epitopes and MHC

molecules present them. Antigens presented on MHC class

I  molecules  are  recognized  by  Cytotoxic  TCRs  while  anti-

gens  presented  on  MHC  class  II  molecules  are  recognized

by  helper  T-cell.  Humans  consist  of  three  MHC  class  I

genes namely HLA-A, HLA-B, and HLA-C and three MHC

class II genes; HLA-DR, HLA-DQ, and HLA-DP. The distri-

bution  of  HLA  genes  varies  in  the  worldwide  population.

Epitopes which bind to MHC class I molecules are short in

size  in  the  range  8-15  amino  acids  whereas  MHC  class  II

molecules  can  bind  to  longer  peptides  of  length  11  to  30

amino  acids.  CTL  epitopes  were  predicted  using  IEDB

MHC-I prediction tool. 10 immunogenic epitopes each be-

ing 9 amino acid long were selected based on their IC50 val-

ue < 50nM and VaxiJen score > 0.4 (Fig. 4).

Figure 4: Details of MHC I Epitopes

Out  of  all  the  predicted  epitopes,  the  epitope

‘244FQLEEVNHV252’ interacting with HLA-A*02:06 allele

had highest affinity and eptiope ‘61AQIKPFYIV69’ interact-

ing with HLA-A*02:06 allele had lowest affinity.

Prediction of Helper T Lymphocyte Epitopes
To select MHC II binding epitopes, peptide length

was set at 15 amino acids with IC50 value (<50 nM). All the

epitopes  maintained their  IC50 less  than 50 nM and Vaxi-

Jen antigenicity score greater than 0.4 (Fig 5).
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Figure 5: Details of the Selected MHC II Epitopes

Selection of Immunodominant Regions

As discussed earlier, allelic sequence of HLAs vary

in  a  population  or  region.  Therefore,  providing  antigenic

protection using one epitope is difficult. To address this is-

sue,  immunodominant  regions  containing  overlapping  B

cell and T cell epitopes were selected as these might show an

effective  immune  response.  Sequence  alignment  of  twenty

T-cell  and  five  B-  cell  epitopes  helped  to  identify  two  im-

munodominant peptides having overlapping B- cell and T-

cell  epitope  regions  (Fig.6).  These  two  peptides  were

‘VSQIKYFYTVKCNSAPAVL’  and  ‘NAFFVGDL-

GKIVKKH’.

Figure 6: Overlapping B-cell epitopes and T-cell epitopes. First immunogenic peptide comprise of overlapping B1, T9, T12 and

T14 epitopes whereas second has overlapping T15, T6 and B3 epitopes

Prediction of Population Coverage

Population  coverage  analysis  for  the  selected  epi-

topes  demonstrated  the  consequences  of  the  host  genetic

variation  on  the  binding  specificity  of  these  targeted  epi-

topes  to  class  I  HLA  alleles.  Their  cumulative  population

coverage  around  the  Asian  continent  was  90%,  which  re-

vealed that these epitopes could cover about 90% of the pop-

ulation  from  different  regions  of  the  Asian  continent  (Fig.

7).
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Figure 7: Population Coverage Analysis: Prediction of the population coverage for three potential vaccine candidates with

MHC Class I HLA alleles around the Asian continent

Multi-Epitope  Vaccine  Construction  and  Physico-
chemical  Analysis

The  secondary  structure  of  a  protein  determines

its folding and physicochemical properties. Thus, to predict

the  secondary  structure  of  the  multi-epitope  vaccine  con-

struct  and  assess  its  structural  properties,  ProtParam  was

used. The criteria for potential epitopes for construction of

the  linear  vaccine  included:  (a)  antigenic  and  non-allergic;

(b)  high  binding  affinity  to  MHC  alleles;  (c)  promiscuous;

(d)  presence  of  overlapping  CTL  and  HTL  epitopes.  Two

epitopes  ‘VSQIKYFYTVKCNSAPAVL’  and  ‘NAFFVGDL-

GKIVKKH’  fulfilled  these  criteria  and  were  found  suitable

to construct a linear vaccine sequence.

For  the  construct,  all  CTL,  HTL,  and  B-cell  se-

quences were grouped, regardless of the order in which the

amino acid sequences appear. However, short chains of ami-

no acids known as linkers are required to separate the differ-

ent sequences. Although they serve different functions, link-

ers  KK,  AAY,  GPGPG,  and  EAAAK  are  all  often  utilized.

HTL, CTL, and B cell epitopes are typically joined by AAY,

KK, and GPGPG linkers, respectively. There are several ben-

efits  to using AAY and EAAAK linkers,  including the pre-

vention of junctional epitope development and the facilita-

tion of epitope separation, which makes the epitopes accessi-

ble for immune processing [35].

To  increase  protein  stability,  the  EAAAK  linker

keeps  domains  apart.  The  EAAAK  sequence  when  used

should come right after the adjuvant sequence. Since many

effective adjuvants cannot be represented as amino acid se-

quences, there are currently few alternatives for in silico ad-

juvants. In silico vaccine efficacy evaluation techniques rely

on FASTA sequences, which restrict the set of requirements

that must be met. An adjuvant is used to boost immunologi-

cal responses. An adjuvant was added to the vaccine design

at the N-terminal to increase immunogenicity (Fig. 8).

Figure 8: Schematic representation of vaccine construct: an adjuvant (yellow) linked by EAAAK linker (green) at the N-termi-

nal end. AAY linkers (green) connect epitopes
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PADRE,  a  synthetic  13  amino  acid  peptide  that

aids  in  CD4+  T  cell  activation,  was  employed  as  an  adju-

vant.  PADRE  (AKFVAAWTLKAAA)  was  chosen  because

of its strong binding to 15 of the 16 most prevalent human

HLA-DR  types.  Consequently,  in  any  population,  PADRE

can overcome the  polymorphism issue  related to  HLA-DR

molecules. A study by Wu et al. (2010) showed that PADRE

is safe and well tolerated in humans and is 100-fold more po-

tent than other universal T helper epitopes [36].

The total number of amino acids in the construct

was 55. GRAVY score was 0.407 and protein was stable hav-

ing  instability  index  10.12.  The  instability  index  threshold

for proteins is less than 40.

Modeling of Tertiary Structure

The Swiss Model was used to forecast the 3D mod-

el of the vaccine construct (Fig. 9). The model had a Global

Model Quality Estimate (GMQE) of 0.7. The model quality

score ranges from 0 to 1. The anticipated model's Molprobi-

ty of 0.96 was suitable for normal structures. The number of

conflicts  per 1,000 atoms, including hydrogen indicated by

the clash score was 1.93.

Figure 9: Tertiary Structure Model of Vaccine Construct

100% favorable  residues  were  predicted  using  the

Ramachandran plot (Fig.10). An illustration of the dihedral

angles (ϕ and ψ) of amino acid residues in a protein struc-

ture is called a Ramachandran plot. Plot regions assist verify

and enhance the precision and caliber of three-dimensional

protein  representations  by  showing  whether  or  not  a  pro-

tein  structure  is  energetically  advantageous.  It  is  a  crucial

tool  for  comprehending  how  accurate  protein  conforma-

tions  are  structurally.

Figure 10: Ramachandran Plot of the Vaccine Construct

Allergenicity Analysis Vaccine  antigens  can  cause  allergic  reactions,  re-

sulting  in  severe  complications.  Revealing  allergenicity  of
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predicted peptides was an important consideration to avoid

such complications. Both peptides were predicted as non-al-

lergen by three methods, ML method, MERCI and Blast al-

lergen search (Fig. 11).

Figure 11: Allergenicity Prediction

Prediction of Transmembrane Topology

Proteins with multiple transmembrane (TM) span-

ning regions are difficult to clone, express and purify, there-

fore,  antigens  with  <1  TM spanning region are  considered

suitable  as  vaccine  candidates.  DeepTMHMM  server

showed that there were no transmembrane regions in these

peptides (Fig.12 (a) and Fig. 12(b)).

Figure 12(A): Topology Prediction of Epitope 1; 12(B): Topology Prediction of Epitope 2

Molecular Docking

To  analyze  the  interaction  between  the  vaccine

and  the  TLRs,  molecular  docking  was  used.  HDOCK  was

used  to  predict  the  vaccine  binding  site  by  selecting  the

most  thermodynamically  favorable  position.  The  vaccine

construct  was  docked  to  TLR2,  TLR3,  TLR4,  TLR7,  TLR5

and TLR8.  The server  generated a  binding complex with a

docking score of −289.59, -296.78, -278.14, -278.28, -291.54

and -285.32 respectively. The minimum docking energy was

of  binding  of  the  vaccine  to  TLR3  and  therefore  the  most

probable binding position. The ligand RMSD, calculated in

angstroms, was determined to be 95.43. The final proposed

docking positions of  all  TLRS and vaccine are displayed in

Fig.13 (A-F).

Molecular Dynamics Simulation

The  vaccine-MHC-II  complex  was  simulated  us-

ing WebGRO-UAMS to verify the root mean square
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Figure 13: Vaccine construct docked to TLRs. TLR2, TLR3, TLR4, TLR5, TLR7 and TLR8(A-F)

Fluctuations (RMSF) to further examine the stabili-

ty  of  the  structures.  Most  stable  in  silico  vaccine  designs

have a greater RMSD value with similar fluctuation magni-

tudes  and  the  value  stabilizes  after  about  1ns.  Simulation

was done using force field GROMOS 43a1 at 300K tempera-

ture  for  50  ns.  All  the  residues  except  a  few  have  fluctua-

tions below 0.3 nm, which is generally the acceptable region

(Fig.14).

Figure 14: Root Mean Square fluctuations of vaccine-TLR2 complex(A) ,vaccine-TLR3 complex(B) ,vaccine-TLR4 complex(C)

,vaccine-TLR5 complex(D) ,vaccine-TLR7 complex(E) ,vaccine-TLR8 complex(F) using forcefield GROMOS 43a1 at 300K tem-

perature for 50 ns

Immune Infiltration Analysis

The  clinical  impact  of  different  immune  cells  in

NSCLC was studied.  The abundance of immune cell  types:

PD-1 (PDCD1 gene), PD-L1 (encoded by CD274 gene) and

CTLA-4 in the tumor microenvironment is estimated using

a novel statistical method. Tumor purity represents the frac-

tion of cancer cells in a tumor.
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Figure 15: TIMER 2.0 scatter plot showing Spearman correlation between the expression of AZIN1 and immune checkpoints

of PD-1, PD-L1 and CTLA-4.Tumor purity (left) and filtration level (right)

Correlation  analysis  of  AZIN1  gene  expression

with three common immune checkpoints, PD-1, PD-L1 and

CTLA-4, revealed that AZIN1 had positive correlation with

the immune checkpoints (P value < 0.05, Fig. 15).

Immune Simulation

Using  C-ImmSim  Server,  an  immune  simulation

of  the  anticipated  multi-epitope  vaccination  was  carried

out. IgM + IgG and IgM antibodies were detected in the ini-

tial immunization, according to the immunological simula-

tion data (Fig.  16A).  Due to the generation of  total  B-lym-

phocytes, the antigen count reduced as the antibody level in

the immune response increased (Fig.  16B).  During the im-

munological response, active TH-cell populations (Fig.16C)

also rose in addition to B-cells. In the three phases following

immunization,  the  level  of  interferon  gamma  (IFN-γ)  had

grown (Fig.  16E),  and the  active  TC-cell  (cytotoxic  T lym-

phocyte)  count  had  demonstrated  persistent  expansion

(Fig.  16D).

Immune response increases on day 5 of immuniza-

tion. The memory TH cells increased after day 5 of immu-

nization while antigen levels were reduced to almost zero by

day 5. We had chosen time period of 30 days for this simula-

tion  and  antibody  titer  was  seen  during  this  entire  period.

IFN-γ levels were highly elevated, pointing towards the acti-

vation of apoptotic cell death of cancer cells. Simpson index

(16D) indicated high diversity of interleukin-2 (IL-2) follow-

ing immunization (Fig. 16E). It ranges from 0-1, with 0 rep-

resenting  infinite  diversity  and  1  representing  no  diversity

at all.  Low diversity of IL-2 is associated with autoimmune

diseases and vaccine inhibiting immune response. These re-

sults revealed that our vaccine can induce a strong immune

response.

Figure 16(A): The Immune Simulation Using C-Immsim. Production Of B-Cell Populations Which Could Produce Anti-

bodies of Various Subtypes After Vaccination. 16(B): The Production of Antibodies Representing Activation of the Immune

Response after Vaccination. Various Subtypes of Immunoglobulins are Shown in Different Colors
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Figure 16(C): The generation of memory and non-memory HTL populations after vaccination. Fig 16(D): The CTL popula-

tions in various states. The RESTING indicates to the cells, which were not shown to the antigens while ANERGIC indicates

the tolerance level of antigen.

Figure 16(E): The Cytokine Profile Showed the Production of Various Cytokines After Vaccination.IFN-Γ Level Increased Af-

ter Immunization. The Inset Graph Indicates the Simpson Index (D) Of IL-2

Codon Optimization of the Vaccine Construct

The vaccine was subjected to reverse translation as

a  final  step,  producing  a  150-nucleotide  cDNA  sequence.

With JCat, the user can limit the use of restriction enzymes

and  stop  them  from  interacting  with  particular  cleavage

sites. A cDNA sequence and the matching Codon Adaption

Index (CAI) values are both returned by the algorithm. CAI

values range from 0 to 1; value of 1 indicates ideal codon.

The  codon  was  adjusted  in  relation  to  the  mech-

anism  of  Homo  sapiens  gene  expression  using  JCat.  For

comparison, an optimal GC-content proportion is between

30  and  70%,  and  a  codon  adaptation  index  (CAI)  value  is

larger  than  0.80.  Gene  expression  is  likely  to  be  successful

within these  ranges.  It  can be  concluded that  the  sequence

might be integrated into the human genome because a GC--

content  proportion  of  65.45%  and  a  CAI  value  of  0.959

were  computed  (Fig.17).
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Figure 17: Codon Optimization Showing CAI Value of the Predicted Vaccine to be 0.959

Discussion

Immunotherapy is  emerging as  a  popular  and ef-

fective strategy in cancer treatment. Cancer treatment most-

ly  depends  on  T-cell  checkpoint  regulation  and/or  anti-

gen-specific immune responses [37]. According to Khatami

et al. (2020), bioinformatics has altered the way the informa-

tion is shared in the domains of biology and medicine and

created  new  opportunities  for  the  development  of  innova-

tive molecules and procedures [38].

As far as vaccines for NSCLC are concerned, Cima-

vax and Tecemotide  vaccines  that  target  epidermal  growth

factor receptor (EGFR) and MUC1, respectively are not spe-

cific to NSCLC as these act on increased levels of the circu-

lating markers of cancer, however, these are not the impor-

tant  drivers  of  lung  cancer.  Moreover,  none  of  these  alone

have been found to improve the overall survival to a signifi-

cant  level  and  are  being  used  in  combination  with  other

therapies  [39].  AZIN1 on the  other  hand,  has  been  identi-

fied as a potential target for NSCLC. It inhibits the degrada-

tion  of  DeltaNp73  functioning  as  an  apoptosis  suppressor

when exposed to genotoxic stress [40]. It has been demons-

trated that AZIN1 regulates tumor behavior by modulating

centrosome duplication and upregulating loricrin to pro-

mote differentiation of cancer cells.  AZIN1 RNA editing

and its involvement in tumorigenesis of non-small-cell lung

cancer has been confirmed by previous studies. Editing re-

sults in change of serine to glycine at residue 367 of AZIN1.

This edited form is more stable and has more affinity to an-

tizyme than wild type AZIN1. Suppressing AZIN1 editing

has contributed to the development of novel RNA therapies

for cancer treatment [41, 37]. AZIN1 is a novel driver of me-

tastatic progression in different cancers and plays role in mi-

gration of cancer cells [42]. Our previous study also proved

that AZIN1 centric DNB may play role at stage 2A and 2B

making it the tipping point of metastasis in NSCLC [15].

AZIN1 is over-expressed in NSCLC making it a tumor asso-

ciated antigen. AZIN1 expression also shows a significant

positive correlation with immune checkpoints PD-1, PD-

L1, and CTLA-4, suggesting that high AZIN1 expression

contributes to an immunosuppressive tumor microenviron-

ment [43, 44].

All these studies, therefore, strongly support that a

multi-epitope vaccine predicted in our study targeting a nov-

el tumor-associated antigen AZIN1 serves as a specific mark-

er for NSCLC unlike other targets mentioned above thereby

reducing the possibility  of  immune escape or  development

of resistance to the target.

Many studies have already shown the proven effi-

cacy  of  peptide  based  multi-epitope  vaccine  in  many  can-

cers  [45].  Potential  advantages  of  such  epitope-based

vaccines include increased safety, the opportunity to ration-

ally engineer the epitopes for increased potency and effect,
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and the ability to focus immune responses on conserved epi-

topes  [46].  Vaccine construct  is  a  long peptide incorporat-

ing multiple epitopes for both MHC-I and MHC-II makes it

a  good  choice  as  immunization  candidate  as  reported  in

many researches [47, 48]. A positive correlation between ex-

pression  of  AZIN1  and  the  degree  of  infiltration  of  PD-1,

PD-L1  and  CTLA-4  cells  suggested  that  AZIN1  may  have

role in the regulation of the tumor immune microenviron-

ment.

Furthermore, to estimate the feasibility of vaccine

in  the  wet  lab,  the  instability  index  (II)  was  calculated,

which  came  out  to  be  10.12  revealing  vaccine  is  stable  in

labs. Vaccines have to travel through the body. For efficient

transportation  into  the  body,  strong  binding  affinity  of

vaccine with Toll-like receptors (TLRs) is needed. Docking

studies revealed stable vaccine-TLR3 complexes. Studies in-

dicate interesting and opposing role of TLR3 in lung cancer

depending  on  its  expression  on  tumour  verses  immune

cells.  Its  increased  expression  in  tumour  cells  is  associated

with direct apoptosis of tumor cells by activating lung den-

dritic  cells  to  elicit  positive  immune responses  resulting  in

better  outcomes  in  early  stage  lung cancer  in  smokers.  On

the  other  hand,  its  presence  in  immune  cells  primarily

macrophages,  elicited  poor  prognosis  in  patients’  survival

[49,  50].  Even our  previous  study showed that  AZIN1 acts

as tipping point of metastasis between stages 2A-2B.

Thus,  it  can  be  concluded  that  the  predicted

vaccine  could  be  used  as  a  therapeutic  vaccine  at  the  early

stages  of  cancer  for  effective  results.  However,  the  present

study has limitations because of use of only in silico models.

In vitro  or in vivo  experiments are crucial for filling and

bridging the gap with an in-silico  experiment.  Several  in

vitro experiments need to be performed such as cloning for

recombinant protein expression, ELISA for analysing the in-

terferons, antibodies, as well as cytokines when they interact

with our designed vaccine regarding lung cancer mitigation.

Once proved, an in vivo study (rat/mice) should be conduct-

ed for  further  validation for  example,  injecting the con-

structed vaccine in rat/mice models and observing their ex-

pression  and  its  effect.  Further,  a  flow  cytometry  assay

could be used to analyse and count the number of memory

cells, cytotoxic and helper T cells.
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