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Simple Summary: Glioblastoma (GBM) stands as the most prevalent malignant primary brain tumor,
accounting for approximately 57% of all gliomas and 48% of all primary malignant central nervous system
tumors. In recent years, substantial progress has been made in multimodal treatments for GBM using a
combination of surgery, radiotherapy, systemic therapies such as chemotherapy, and comprehensive supportive
care. Despite this, the overall outlook for patients remains bleak, with long-term survival being an uncommon
occurrence. Our study aimed to develop a novel peptide-based vaccine using advanced molecular modeling
and immuno-informatics techniques to combat GBM. This vaccine holds the potential to revolutionize GBM
treatment and improve patient outcomes.

Abstract: Glioblastoma (GBM) is the most common malignant primary brain tumor; with a median survival
rate of less than two years. Currently, there is no cure for GBM, underscoring the urgent need for innovative
treatment approaches. Vaccine design emerges as a crucial strategy, offering a safe and effective means for both
preventive and therapeutic interventions against GBM. In this study, we targeted four GBM-associated
mutated surface proteins—urokinase plasminogen activator surface receptor (PLAUR), integrin beta-3
(ITGB3), and the B-41 alpha chain (HLA-B) and A-24 alpha chain (HLA-A) of the HLA class I histocompatibility
antigens—to design a peptide-based vaccine. The vaccine construct includes cytotoxic T lymphocyte (CTL) and
T helper cell (Th cell) epitopes, and was meticulously evaluated for antigenicity, allergenicity, and toxicity. The
results indicate that the vaccine is antigenic and non-allergenic, making it a promising candidate. Additionally,
the physico-chemical properties of the vaccine suggest stability and suitability for further development.
Immune simulation studies predict efficient immune responses upon vaccine administration. Our vaccine
shows promise as a potential tool in the fight against GBM, offering new hope for patients facing this
devastating disease

Keywords: glioblastoma; vaccine; urokinase plasminogen activator surface receptor;
integrin beta-3; HLA class I

1. Introduction

Glioblastoma multiforme (GBM) is the most common and the most aggressive primary brain
tumor in adults [1]. As the most prevalent high-grade glioma, GBM occurs in 3.22 people per 100,000
population [2]. This incidence escalates notably beyond the age of 54, reaching a peak rate of 15.24
per 100,000 population in individuals aged 75 to 84 [3]. Despite its prevalence, the etiology of GBM
remains largely elusive for the majority of affected patients. A minority, comprising less than 5% of
cases, exhibits a genetic alteration rendering them more susceptible to various tumor types, GBM
included. Furthermore, a mere fraction—less than 20% of GBM patients possess a significant familial
history of cancer. Although exposure to ionizing radiation unequivocally stands as a confirmed cause
of GBM, it accounts for only a minor fraction of cranial tumors ultimately diagnosed as GBMs. Other
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conceivable contributors, such as cell phone exposure, viral factors including cytomegalovirus, and
genetic predispositions, are presently subjects of investigation, yet their roles as definitive causal
elements remain unestablished. Early detection of GBM remains a challenge, with standard magnetic
resonance imaging standing as the foremost method for initial identification. Regrettably, by the time
a discernible GBM lesion manifests in imaging, the tumor has already progressed to an advanced
stage [4].

GBM displays distinctive attributes including extensively necrotic, hypoxic, and actively
proliferating regions, characteristics commonly observed in high-grade tumors [5]. The prevailing
standard of care entails tumor reduction pursued by chemo-radiotherapy, yielding an average
survival period of approximately 14.5 months for patients [6]. Nevertheless, novel clinical approaches
have hitherto shown limited success in augmenting the survival rates of GBM patients [7]. Notably,
immunotherapeutic methodologies, including those involving dendritic cells (DCs) or targeting the
Programmed Cell Death protein-1 (PD-1) immune checkpoint within GBM, have been introduced.
Nonetheless, their effectiveness awaits confirmation through human clinical trials [8,9].

The development of a preventative or therapeutic vaccine offers a hope to combat GBM.
Extensive research on both human and animal models has demonstrated that immunity against GBM
is correlated with responses from CD4+ T helper cell (Th cell), CD8+ cytolytic T lymphocytes (CTLs),
and mechanisms involving antibody-dependent cellular cytotoxicity [10,11]. The cytokines IFN-a,
IFN-B, IFN-y, IL-12, and IL-13 have been identified as essential factors for conferring protection
against GBM or hindering the growth of human GBM cells [12]. Demonstrative evidence has
established that IL-4 exerts an inhibitory effect on GBM xenograft growth, observable both in
inducible IL-4 KO cell lines [13] and through subcutaneous administration or retroviral delivery [14].
Conversely, the cytokines IL-8 and IL-10 are implicated in promoting tumor advancement,
angiogenesis, and invasiveness [15]. Additionally, toll-like receptor 4 (TLR-4) has been implicated in
orchestrating immune protective responses [16].

This study focused on the in-silico development of a potential peptide-based vaccine candidate
for GBM, utilizing immuno-informatics analyses and molecular dynamics (MD) simulations. In the
realm of GBM vaccines, two prominent targets have emerged: epidermal growth factor receptor
variant III (EGFRVIII) [17] and mutant isocitrate dehydrogenase 1 (IDH1) [18]. Owing to the recently
found lack of survival benefit of a peptide vaccine targeting EGFRvIII (Rindopepimut) in the ACT IV randomized
phase Il trial [19], the interests have shifted to IDH1 as the preferred focal point for GBM vaccine
development. However, it is important to note that IDH1 functions as an intracellular enzyme, which
could potentially influence the efficacy of the vaccine. Proteomics analysis revealed that among the
114 mutations unique to GBM, four are found in extracellular proteins: urokinase plasminogen
activator surface receptor (PLAUR), Integrin beta-3 (ITGB3), and discrete subunits of the HLA class I
histocompatibility antigens; the B-41 alpha chain (HLA-B) and A-24 alpha chain (HLA-A) [20]. Of
these proteins, PLAUR is an attractive target for the treatment of cancer, as it is expressed at low
levels in healthy tissues but at high levels in malignant tumours [21]. In addition, it is closely related
to the invasion and metastasis of malignant tumours, plays important roles in the degradation of
extracellular matrix (ECM), tumour angiogenesis, cell proliferation and apoptosis, and is related to
the multidrug resistance (MDR) of tumour cells, which has vital guiding significance for the
evaluation of tumor malignancy and prognosis [21]. On the other hand, ITGB3 expression correlates
with high-grade GBM [22]. Similarly, it has been demonstrated that the HLA-A [23] and HLA-B [20]
alleles are common among glioma patients. Taking these contexts into consideration, we have utilized
the mutated segments of these four targets as the basis for constructing the vaccine.

2. Materials and Methods

2.1. Target Selection and Epitope Screening

In the initial phase of this study, we extracted the wild-type amino acid sequences of four surface
proteins—PLAUR (Q03405), ITGB3 (P05106), HLA-B (P01889), and HLA-A (P04439)—from the
Uniprot database in FASTA format [24]. For constructing the mutants, the residues Arg, Asn, Thr,
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and Ile were substituted by His, Asp, Lys, and Thr in PLAUR, ITGB3, HLA-B, and HLA-A,
respectively [20]. All potential Cytotoxic T lymphocytes (CTL) and T helper cell (Th cell) epitopes
capable of binding to MHC class Il molecules were identified at their respective mutation sites (Figure
1). The expression levels and survival probabilities of HLA-B, PLAUR, HLA-A, and ITGB3 in both
healthy individuals and GBM patients were determined using the ULCAN database [25]. Given the
extensive number of epitopes, they were screened for antigenicity, toxicity, and allergenicity to select
the most suitable ones. The VaxiJen v2.0 server (http://www.ddg-
pharmfac.net/vaxijen/VaxiJen/VaxiJen.html) was employed to forecast the epitopes' antigenicity [26].
The VaxiJen v2.0 server can compute the antigenicity of a wide range of microorganisms, including
bacteria, viruses, tumors, parasites, and fungi. The prediction accuracy of the VaxiJen v2.0 server
ranges from 70% to 89%. For this analysis, the tumor was chosen as the target organism, with the
antigenicity threshold established at 0.5.

Protein PLAUR ITGB3 HLA-B HLA-A
Wild-type WIQEGEEGRPKDDRHLR ~ RTDTCMSSNGLLCSGRG LRSWTAADTAAQITQRK — TAADMAAQITKRKWEA
Mutant WIQFGFEGHPKDDRHLR ~ RTDTCMSSBGLLCSGRG | RswTAADRAAQITORK  TAADMAAGHTKRKWEA
wiQEGEEGH RTDTCM LRSWTAA| TAADMAA

TDTCM RSWTAA AADMAA

DTCM SWTAA ADMAAQRTK

TCM wiaaDfasa DMAAQHTKR

ar ™ TaaDRAAQI MAAQERTKRK
Epitopes M AA ar AAQRTKRKW
LLCSG ADfanaiTq AQTKRKWE

LLCSGR ofAraiTar offrkrewea

LLCSGRG RBaramark firkrcweaa

Figure 1. The wild-type, mutant and CTL epitopes of PLAUR, ITGB3, HLA-B and HLA-A. The wild-
type and point mutations are highlighted in cyan and red, respectively. .

The AllerTOP v. 2.0 server (https://www.ddg-pharmfac.net/AllerTOP/method.html) was
employed to evaluate the allergenicity of the epitopes [27]. In addition, The approach employed by
this server hinges on the auto cross covariance (ACC) transformation of amino acid sequences into
standard vectors of consistent length [28]. Furthermore, IL4pred
(https://webs.iiitd.edu.in/raghava/il4pred/design.php) was employed to predict IL-4 inducing
epitopes, while IFNepitope (https://webs.iiitd.edu.in/raghava/ifnepitope/design.php) was used for
predicting IFN-y inducing epitopes. For predicting IL-4 inducing epitopes, the SVM-based model
with a threshold of 0.2 was chosen [29]. Meanwhile, for IFN-y inducing epitopes, an SVM-based
model combined with the IFN-gamma versus other cytokine models was selected [30].

2.2. Assembly of the Multi-Epitope Vaccine

Epitopes identified in the prior step were employed to assemble a multi-epitope vaccine. For the
CTL epitopes, AAY linkers were utilized. By inserting linkers, the representation and proper
separation of the epitopes will be improved. Additionally, the 50S ribosomal protein L7/L12 (Locus
RL7_MYCTU) with the accession number POWHE3 was chosen as an adjuvant to boost the
immunogenicity of the vaccine candidate. Its amino acid sequence was connected to the N-terminus
of the chimeric sequences using an EAAAK linker.

2.3. Assessment of the Vaccine’s Antigenicity, Allergenicity, and Physicochemical Characteristics

Evaluating antigenicity is crucial in the vaccine design process. We utilized two servers, VaxiJen
v2.0 and ANTIGENpro, to forecast the antigenic tendencies of the final vaccine construct.
ANTIGENpro (http://scratch.proteomics.ics.uci.edu/) predicts protein antigenicity by employing five
machine learning methodologies and various representations of the primary sequence [31]. To
confirm the non-allergenic nature of the vaccine, we utilized AllerTOP v. 2.0 for allergenicity
predictions. In addition, the Expasy ProtParam server (https://web.expasy.org/protparam/) was
employed to anticipate different physicochemical attributes of the multi-epitope vaccine, such as


https://doi.org/10.20944/preprints202408.2058.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 August 2024 d0i:10.20944/preprints202408.2058.v1

4

amino acid composition, theoretical pl, molecular weight, instability index, half-life, aliphatic index,
and the grand average of hydropathicity (GRAVY) [32].

2.4. Secondary Structure Prediction

The Prabi server (https://mpsa-prabi.ibep.fr/cgi-
bin/npsa_automat.pl?page=/NPSA/npsa_gor4.html) was employed to estimate the proportion of
secondary structure elements in the vaccine construct. The server utilizes the GOR IV prediction
method, which boasts an average accuracy rate of 64.4% [33].

2.5.3. D Structure Modeling, Refinement, and Verification of the Multi-Epitope Vaccine

The 3D structure of the multi-epitope vaccine was predicted using the I-TASSER server
(https://zhanglab.ccmb.med.umich.edu/I-TASSER/). This server predicts three-dimensional
structures from the amino acid sequence by piecing together segments from threading templates and
provides a C-score to gauge the precision of the generated models [34]. The quality of the models
were assessed by using the ProTSAVv server [35]. ProTSAV is a validated server, tested on
approximately 64,446 protein structures. These encompass experimental structures from RCSB,
predicted model structures for CASP targets, and those from public decoy sets. For experimentally
solved structures, ProTSAV boasts a specificity of 100% and a sensitivity of 98%. For predicted
protein structures of CASP11 targets under 2 A, it achieves a specificity of 88% and a sensitivity of
91%. By integrating multiple methodologies, the server addresses the constraints inherent to
individual servers or methods, proving to be a robust tool for quality assessment [35]. The selected
model from the previous step was refined by using GalaxyRefine2 web server [36].

2.6. B-cell Epitopes Prediction

B lymphocytes are pivotal components of the immune system, responsible for antibody
production, thereby fostering long-term immunity [37].

Linear = B-cell  epitopes  were  forecasted  using the  BCPREDS  server
(https://webs.iiitd.edu.in/raghava/bcepred/bcepred_submission.html) [38]. This server employs a
subsequence kernel-based SVM classifier and boasts an accuracy of 74.57% in predicting linear B-cell
epitopes [39]. Additionally, the ElliPro server (http://tools.iedb.org/ellipro/) was engaged for
discontinuous B-cell epitope predictions. ElliPro implements residue clustering algorithms,
combined with Tornton’s method, to predict these epitopes. Each predicted epitope is given a score,
termed the PI (protrusion index) value [40].

2.7. Molecular Docking and MD Simulations

The CTL epitopes that successfully passed the screening phase were subjected to molecular
docking against MHC class I (HLA Al, HLA A2, and HLA A3). HyperChem 8 was used for
constructing the epitopes structures [41]. Autodock vina [42] with its default setting was engaged to
dock the epitopes with the MHC molecules. After assembling the epitopes, incorporating the
adjuvant, and constructing the vaccine, a 500 ns MD simulation was conducted to refine the structure
and eliminate steric clashes. Subsequently, the final snapshot of the vaccine was retained for
additional modeling analyses. To explore the potential interaction between the vaccine construct and
TLR4 (PDB ID: 4G8A) [43], the ClusPro 2.0 server (https://cluspro.org/login.php) was utilized [44].
After 500 ns MD simulation for relaxing the vaccine construct, a 200 ns MD simulation was conducted
for the vaccine: TLR4 complex.

All MD simulations were done by Desmond simulation package from Schrédinger Inc [45].
During each MD run, parameters of 310 K temperature and 1 bar pressure were maintained. For the
simulation, the OPLS3 (Optimized Potentials for Liquid Simulations version 3) force field parameters
was used [46]. The long-range electrostatic interactions were computed using the particle mesh
Ewald method [47], with a cutoff radius of 9.0 A for Coulomb interactions. The system was solvated
using the explicit TIP3P (three-site transferrable intermolecular potential) water model within an
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cubic periodic box that maintained periodic boundary conditions [48]. Na* and Cl- were added as the
counter ions, ensuring system neutrality. A distance of 10.0 A was maintained between the periodic
boundary conditions and the nearest vaccine: TLR4 complex atoms. The Martyna-Tuckerman-Klein
chain coupling scheme [49] managed pressure, while the Nosé—-Hoover chain coupling scheme [50]
oversaw temperature during MD runs. Trajectory data were recorded every 10 ps. Analysis of the
MD outputs were conducted using Visual Molecular Dynamics (VMD) [51], alongside the Simulation
Quality Analysis and Simulation Interaction Diagram tools within the Desmond MD package.

2.8. Analysis of the Immune Profile for the Multi-Epitope Vaccine Construct

For an effective immune response against cancer cells, it's crucial to understand the immune
characteristics of the constructed vaccine through an immune simulation method. Thus, we assessed
the immune profile of the final multi-epitope vaccine by inputting the vaccine construct sequence
into the C-ImmSim 10.1 web server [52]. C-ImmSim operates on the principles encompassing several
specific elements of the immune system. These include antigen processing and presentation to CTL
and Th cell, intercellular cooperation, B-cell and T-cell maturation, memory cell formation, clonal
selection based on antigen affinity, the theory of clonal deletion, antibody hypermutation, T-cell
replicative senescence, and anergy in both B and T lymphocytes, among others.

3. Results

3.1. Target Selection and Preliminary Analysis

An ideal vaccine candidate should be prominently displayed on the surface, highly produced,
and broadly distributed. In our research, we chose four cell surface proteins identified as GBM-
associated antigens. These proteins should exhibit high expression in GBM, possess significant
immunogenicity, and be surface-exposed. The gene expression profile of the target proteins was
studied by using TCGA database which exhibited significant over expression in GBM samples in
comparison to normal tissue (Figures S1A, S1C, S1E, and S1G). We further explored the association
of the selected proteins with the survival in GBM patients. For this, the survival analysis of the GBM
patient was accomplished using the clinical data present in the TCGA database and the results are
shown in Figures S1B, S1D, S1F, and S1H. These figures demonstrate that as the gene expression of
these proteins increases, there's a corresponding decrease in survival probability for patients.

The amino acid sequences for four proteins were retrieved from the Uniprot database to design
a construct of a multi-epitope vaccine candidate against GBM. Subsequently, the mutated segments
of each sequence were used to formulate a total of 36 CTL epitopes, as depicted in Figure 1. For the
Th cell epitopes, those that could bind to the MHC class II supertypes were chosen for subsequent
analysis, resulting in a total of 14 Th cell epitopes. CTL epitopes were then evaluated for antigenicity,
allergenicity, toxicity, IFN-y —inducing, and IL-4- inducing using VaxiJen v2.0, AllerTOP v. 2.0,
ToxinPred, IFNepitope, and IL4pred servers, respectively (Table 1). The same screening process was
applied to Th cell epitopes, as summarized in Table 2. By evaluating the data presented in both Table
1 and Table 2, we identified four epitopes for inclusion in the final vaccine: "AQTTKRKWE"
(designated as epitope C1), "QTTKRKWEA" (epitope C2), "TTKRKWEAA" (epitope C3), and
"DMAAQTTKRKWEAAH" (epitope H1). Furthermore, we conducted molecular docking studies to
examine the interaction mode and affinity of each epitope with HLA-A1, HLA-A2, and HLA-A3 as
illustrated in Figures S2 to S10.

Table 1. Predicted CTL epitopes of PLAUR, ITGB3, HLA-B and HLA-A proteins.

. . . .. .. IFN-y - IL-4- Final
Protein Epitopes VaxiJen Allergenicity Toxicity inducing  inducing decision
1.1681 (Probable PP Non Non-TL4
PLAUR WIQEGEEGH ' . Non- . Positive . -
Antigen) Toxin inducer

Allergen
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Probable
JQEGEEGHP 1.4977 (?robable Non- Nor’1— Positive Non—IL4—
Antigen) Toxin inducer
Allergen
1. P 1 P 1 -
QEGEEGHPK 13399 (Probable - Probable - Non= i 1 4 inducer
Antigen) Allergen Toxin
EGEEGHPKD 1271 (Probable  Probable  Non- oo 1 4 i ducer
Antigen) Allergen Toxin
GEEGHPKDD 0.8220 (?robable Probable Nor’1— Positive Non—IL4—
Antigen) Allergen Toxin inducer
EEGHPKDDR 0.2950 (Pr.obable Probable Nor.1- Positive Non—IL4—
Non-Antigen) Allergen Toxin inducer
-0.1423
EGHPKDDRH  (Probable Non-  Lrovable  Non— o p iy o NonolLd-
. Allergen Toxin inducer
Antigen)
-0.1795
GHPKDDRHL  (Probable Non-  ro0able  Non— o v Tor-Ild-
. Allergen Toxin inducer
Antigen)
-0.4382
P 1 -
HPKDDRHLR  (Probable Non-  LroPa0le NOn™ o otive  ILd-inducer
. Allergen Toxin
Antigen)
RTDTCMssD 0279 (Probable  Probable - Non- oo 11 4 inducer
Non-Antigen) Allergen Toxin
TDTCMssDG 181 (Probable - Probable - Non- o oyve 11 4 inducer
Non-Antigen) Allergen Toxin
-0.1421
Probabl Non-
DTCMSSDGL (Probable Non- robable o Negative  IL4-inducer
. Allergen Toxin
Antigen)
-0.0823
TCMSSDGLL  (Probable Non-  LroPable  Non - ive  IL-inducer
. Allergen Toxin
Antigen)
-0.3962
P 1 -
CMSSDGLLC (Probable Non- robable NOI.I Negative  IL4-inducer
. Allergen Toxin
Antigen)
-0.0032
P 1 -
MSSDGLLCS (Probable Non- robable NOI.I Positive  IL4-inducer
. Allergen Toxin
Antigen)
sspGLLCsG  -0°46 (Probable  Probable - Non- oo 11 4 inducer
Non-Antigen) Allergen Toxin
-0.0087
P 1 - -IL4-
SDGLLCSGR (Probable Non- Ali(l)l)rabz ,lI}I (:iln Negative Ijr(:g .
ITGB3 Antigen) cree © tee
Probable
DGLLCSGRG 04925 (Pr(?bable Non- Nor‘1- Negative NOH-HA-
Non-Antigen) Toxin inducer
Allergen
Probable
LRSWTAADK 0.0708 (Pr(.)bable Non- NOI‘l- Negative  IL4-inducer
Non-Antigen) Toxin
Allergen
Probable
RSWTAADKA 0.1046 (Pr(.)bable Non- NOI‘l- Positive Non—IL4-
Non-Antigen) Toxin inducer
Allergen
SWTAADKAA 0.1046 (Prc')bable Probable NOI.l- Positive Non—IL4—
Non-Antigen)  Allergen Toxin inducer
WTAADKAAQ 0.5204 ('Probable Probable NOI.l- Positive Non—IL4—
Antigen) Allergen Toxin inducer
HLA-B TAADKAAQI 1.5233 (.Probable Probable NOI}- Negative Non—IL4-
Antigen) Allergen Toxin inducer
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1. P le P 1 - -IL4-
AADKAAQIT 5395 (. robable robable NOI.l Positive Non i
Antigen) Allergen Toxin inducer
1.6355 (Probable  Probable Non- . Non-IL4-
ADKAAQITQ Antigen) Allergen Toxin Negative inducer )
Probable
1. P 1 - -IL4-
DKAAQITQR 639 (Probable g Non- p itive  TNom -
Antigen) Toxin inducer
Allergen
Probable
KAAQITORK 1.2152 (Probable Non- Nor.1— Negative Non—IL4— i
Antigen) Toxin inducer
Allergen
Probable
TAADMAAQT 6747 (Probable = Non- - Negative  TL4-inducer -
Antigen) Toxin
Allergen
Probable
AADMAAQTT 6145 (Probable Non- - Negative  TL4-inducer -
Antigen) Toxin
Allergen
.8434 (P le P 1 -
ADMAAQTTK 8434 (Probable  Probable - Non- oo yive 17 4 inducer -
Antigen) Allergen Toxin
Probable
DMAAQTTKR 0065 (Probable g 0 Non- - Negative  TL4-inducer -
Antigen) Toxin
Allergen
Probable
MAAQTTKRK 1.0223 (?robable Non- Nor.1— Negative Non—IL4— i
Antigen) Toxin inducer
Allergen
Probable
AAQTTKRKW 0.5899 (?robable Non- Nor.1— Negative Non—IL4— i
Antigen) Toxin inducer
Allergen
Probable
HLA-A  AQUTKRKWE 07411 (Probable - Non— b sitive  IL4-inducer »
(C1) Antigen) Toxin
Allergen
P 1
QTTKRKWEA  0.6981 (Probable L 7oP31€ o i, .
. Non- . Positive  IL4-inducer *
(C2) Antigen) Toxin
Allergen
TTKRKWEAA 05519 (Probable 70031 o » .
. Non- . Positive  IL4-inducer *
(C3) Antigen) Toxin
Allergen

Table 2. Predicted Th cell epitopes of PLAUR, ITGB3, HLA-B and HLA-A proteins.

. . . . . .. IFN-y - IL-4- Final
P E All T
rotein pitopes VaxiJen ergenicity Toxicity inducing  inducing _decision
0.6847 (Probable | ToPPIe oo
ADMAAQTTKRKWEAA ™ . Non- . Negative IL4-inducer -
Antigen) Toxin
Allergen
0.6458 Probable Non-
AADMAAQTTKRKWEA  (Probable Non- 0_ Negative IL4-inducer -
. Toxin
Antigen) Allergen
Probable
HLA-ADMAAQTTKRKWEAAH 00882 (Probable = © - Non-p sitive  ILd-inducer -
Antigen) Toxin
Allergen
Probable
TAADMAAQTTKRKWE 00752 (Probable g o Non- - oative  ILd-inducer -
Antigen) Toxin
Allergen
Probable
MAAQTTKRKWEAAHE 0191 (Probable g o Nonw g e NonILa-
Antigen) Toxin inducer

Allergen
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Probable

ADMAAQTTKRKWEAA 06847 (Probable o Non- o bive  Md-inducer -
Antigen) Toxin
Allergen
Probable
AADMAAQTTKRKWEA 06498 (Probable o Non- o bive  Md-inducer -
Antigen) Toxin
Allergen
Probable
DMAAQTTKRKWEAAH 0.6882 (Probable Non- . .
. Non- . Positive  IL4-inducer *
(H1) Antigen) Toxin
Allergen
Probable
.6752 (P 1 -
TAADMAAQTTKRKWE 6792 (Probable oy o Non- G oative  ILd-inducer -
Antigen) Toxin
Allergen
Probable
WTAADMAAQTTKRKw 4222 (Probable o 0 Non- Negative oI )
Non-Antigen) Toxin inducer
Allergen
Probable
MAAQTTKRKWEAAHE 00191 (Probable g o = Non- oy ive Nor-ILd- -
Antigen) Toxin inducer
Allergen
Probable
0.8628 (Probabl Non-1L4-
DGLLCSGRGKCECGS (Probable = \ro- Toxin  Negative OO -
Antigen) inducer
Allergen
Probable
SDGLLCSGRGKCECG 02730 (Probable g = oxin Negative T on i -
ITGB3 Antigen)) inducer
Allergen
Probable
SSDGLLCSGRGKCEC 07234 (Probable g ™ Toxin Negative oI -
Antigen) inducer
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The molecular docking analysis demonstrated that the docking energies for various epitopes
ranged from -9.9 to -11.28 kcal/mol, indicating a high affinity between the epitopes and their
respective binding sites in MHC molecules.

3.2. Constructing the Vaccine

To construct the multi-epitope vaccine, we merged three CTL (C1, C2, and C3) epitopes and one
Th cell (H1) epitope, connecting them using AAY linkers. This fusion process generated a sequence
comprising 51 amino acids. To enhance the vaccine's effectiveness, an adjuvant sequence, consisting
of 130 amino acids
(MAKLSTDELLDAFKEMTLLELSDFVKKFEETFEVTAAAPVAVAAAGAAPAGAAVE-
AAEEQSEFDVILEAAGDKKIGVIKVVREIVSGLGLKEAKDLVDGAPKPLLEKVAKE-
AADEAKAKLEAAGATVTVK), was appended to the N-terminal of the vaccine sequence, facilitated
by an EAAAK linker. Consequently, the final vaccine construct, designed with improved efficacy,
encompassed a total of 186 amino acids (Figure 2A).

3.3. Antigenicity, Allergenicity, and Physico-Chemical Properties Assessment

The antigenicity of the RVC sequence was estimated using the VaxiJen 2.0 server and followed
by ANTIGENpro. The overall prediction for the constructed vaccine was performed by using VaxiJen
2.0 server was 0.6314 with a tumor model at a threshold of 0.5. Likewise, the overall prediction of
antigenicity probability was 0.9399 performed by the ANTIGENpro server. The AllerTOP v. 2.0
server was utilized to forecast the allergic potential of the suggested vaccine, and the results
suggested that it did not possess allergenic properties. The predicted molecular weight (MW) and
theoretical isoelectric point value (pI) of the final vaccine were 19.88 kDa and 5.7, respectively.
According to the PI parameter, the vaccine is predicted naturally acidic. The estimated half-life was
30 h in mammalian reticulocytes in vitro, more than 20 h in yeast, and over 10 h in E. coli in vivo. The
vaccine was indicated to be considered thermally stable, as represented by instability indexes of 24.96
[53]. The aliphatic index of the vaccine was 81.67, and its GRAVY score was reported to be -0.242.
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3.4. Secondary Structure Prediction, Tertiary Structure Modeling, Refinement, and Validation

The secondary structure composition of the multi-epitope vaccine was determined using the
Prabi server. The analysis revealed the presence of alpha-helix (79.03%), extended strand (7.53%), and
random coil (13.44%) components, as depicted in Figure 2B. The five models of the 3D structure of
the vaccine construct were generated by the I-TASSER server using the threading templates (PDB
Hit: 1dd3A, 2ftcF, 1rqvA, 2ongA, 3n0fA, 7cjyA, 3m024A, 609pA, 3rkoM, and 1nl1zA). The computed
C-score values for models 1-5 were - -2.72, -2.74, -2.89, -3.35, and -3.69, respectively. The C-score is
usually within the range of — 5 to 2, where a higher C-score for the model demonstrates that it has a
high level of confidence [34]. In the next step, the quality of each generated model was tested by
ProTSAV server (Figures 3A-E). Based on ProTSAV overall score, model 2 was chosen for further
refinement by GalaxyRefine2 web server and its ProTSAV overall score was assessed again (Figure

3F).
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Figure 2. (A). The configuration of the final multi-epitope vaccine design. (B) The graphical
representation of the secondary structure configuration of the constructed vaccine.
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Figure 3. ProTSAV quality assessment of input vaccine models; (A) 1, (B) 2, (C) 3, (D) 4, (E) 5, and (F)
further refined model. Green region indicates the input structure to be in 0-2 A RMSD, yellow region
2-5 A RMSD, orange region 5-8 A RMSD and red region indicates structures beyond 8 A RMSD. The
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blue colored asterisk symbol represents quality assessment score by individual module and blue
colored round symbol represents overall score by ProTSAV.

3.5. Prediction of the B-Cell Epitope

Three linear B-cell epitopes (7-mer) including AKAQTTK, AAYQTTK, and MAAQTTK were
predicted by the BCPREDS with a score of 2.675. The ElliPro server also predicted five discontinuous
B-cell epitopes in the tertiary structure of the vaccine (Figure 4). The minimum and maximum scores
for the predicted discontinuous B-cell epitopes were 0.539 and 0.826, respectively (Table 3).

Table 3. A list of discontinuous B-cell epitopes predicted by the ElliPro server.

Start End Peptide Number of residues Score
158 186 AYTTKRKWEAAAAYDMAAQTTKRKWEAAH 29 0.826
1 16 MAKLSTDELLDAFKEM 16 0.716
114 127 DEAKAKLEAAGATV 14 0.656
69 76 AAGDKKIG 8 0.602
153 156 KWEA 4 0.539

b 2
% i Bronsls

Figure 4. (A-E) 3D structure showing the discontinuous B-cell epitopes on the vaccine construct. The

gray sticks and the yellow surface show the vaccine construct and discontinuous B-cell epitopes,
respectively.

3.6. Predicted Interaction of the Vaccine Construct with TLR4

The molecular docking between the vaccine construct and TLR4 was accomplished using the
ClusPro 2.0 server. In this study, the server produced 26 clusters and subsequently organized them
based on their energy levels. The cluster with the most minimal energy, measuring at -1287.8, was
selected as the optimal complex (Figure 5). Glu509 chain B and Lys560 chain A from TLR4 make salt-
bridge with Lys 181 and Asp172 from vaccine construct, respectively. On the other hand, Asp580A,
Lys560A, and Leu511B from TLR4 interact with Argl180, Alal69, and His186 from vaccine molecule
via hydrogen bonds, respectively (Figure 5). As shown in Figure 5, TLR4 and vaccine construct
interact with each other through m-cation interaction as well.
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Figure 5. Molecular docking of vaccine construct with TLR4 as an immune receptor. H-bonds, salt-
bridge, and mt-cation interactions are shown as yellow, purple and green dashed lines, respectively.

3.7. MD Simulation of Vaccine Construct with TLR4

The MD simulation spanned a robust 200 nanosecond timescale, during which we meticulously
analyzed a variety of critical intermolecular interactions. We generated insightful plots for Root Mean
Square Deviation (RMSD), Root Mean Square Fluctuation (RMSF), and Radius of gyration (Rg) to
assess the dynamic flexibility and overall stability of the vaccine-receptor complex, as depicted in
Figure 6. Our MD data provided valuable insights into the nature of interactions within the complex.
Notably, hydrogen bonding emerged as the predominant non-covalent interaction between the
vaccine construct and TLR4, exhibiting an average value of 13 H-bonds (Figure 6A). Meanwhile, the
average count of salt-bridge interactions between the two proteins was determined to be 5.3,
highlighting their significance in the binding process. In contrast, m-m stacking and m-cation
interactions exhibited a comparatively minor contribution to the overall binding phenomenon.

The RMSD plot showed significant results highlighting the stability of the vaccine-TLR4
complex (Figure 6B). Our data unveiled that the vaccine exhibited greater flexibility relative to the
TLR4 receptor. RMSF shows the movement and flexibility of each residue during the MD simulation.
As depicted in Figure 6C, the regions of heightened flexibility were primarily concentrated at the
loop area and the two termini of the vaccine. Furthermore, as the Rg value reflects the compactness
of the complex structure, there should be fewer movements or deviation of the positions of the
residues of the TLR4 or vaccine construct in the simulation trajectory in order to deem the complex
to be stable. Remarkably, the Rg plot, as shown in Figure 6D, exhibited minimal deviation for both
proteins throughout the course of the simulation. This consistency was visually represented by the
relatively flat curve, a compelling testament to the compactness and enduring stability of the vaccine-
TLR4 complex. Following the clustering of the MD trajectories, we conducted a comprehensive
examination of the interactions between the vaccine and TLR4 residues, with the detailed findings

presented in Table 4.
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Figure 6. Molecular dynamics (MD) simulation trajectory plot of final vaccine construct with TLR4.
(A) Number of interactions between the vaccine and TLR4. (B) Root Mean Square Deviation (RMSD)
of vaccine and TLR4. (C) Root Mean Square Fluctuation (RMSF) of vaccine. (D) Radius of gyration
(Rg) of vaccine and TLR4.
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In total, the analysis revealed the formation of eleven hydrogen bonds and three salt-bridges
between the vaccine and the receptor (Table 4).

Table 4. The interaction between vaccine and TLR4 residues followed by cluster analysis during MD

simulation.

Vaccine residue TLR4 residue and chain Distance(A) Type of interaction
Glu 183 Gln 616A 2.5 Hydrogen bond
Glu 183 Ser 613A 1.9 Hydrogen bond
Lys 181 GIn 510B 1.9 Hydrogen bond
Arg 180 Asp 580A 2.1 Hydrogen bond
GIn 176 Asp 580A 1.8 Hydrogen bond
GIn 176 His 555A 1.9 Hydrogen bond
Glu 166 GIn 616B 2.1 Hydrogen bond
Arg 163 GIn 616B 1.9 Hydrogen bond
Lys 151 Gly 617B 25 Hydrogen bond
Tyr 147 Ser 622B 1.9 Hydrogen bond

Lys 94 Glu 24B 22 Hydrogen bond
Lys 94 Glu 27B 2 Salt-bridge
Lys 91 Glu 24B 23 Salt-bridge
Lys 91 Glu 31B 2 Salt-bridge

3.8. Immune Simulation

The in-silico immune simulation using C-ImmSim for consecutive three injections given one
month apart yielded outcomes congruent with real-world immune responses, as indicated by a
significant augmentation in the production of secondary responses (Figure 7A-I). The primary
immune response was distinguished by its notable abundance of immunoglobulin M (IgM). For each
successive immunization (secondary and tertiary responses), there were conspicuous rises in
antibody levels (comprising IgG1 + IgG2, IgM, and IgG + IgM) with a corresponding decline in
antigen concentration as shown in Figure 7A and 7F. In our current investigation, we observed that
the immune simulation for the vaccine demonstrated a substantial augmentation in the population
of lymphocytes along with heightened production of IFN-y and IL-2, as depicted in Figure 7B.
Furthermore, the vaccine construct initiated the proliferation of B-cell populations following each
successive injection (Figure 7C). Simulation results indicate the development of immune memory in
the regions near the intermediate period (Figure 7D). Moreover, there was a pronounced heightened
response observed in both the helper and cytotoxic T-cell populations, concomitant with the
development of memory cells, as depicted in Figures 7D, 7E, 7G, and 7H. Following the
administration of the vaccine, there was a notable increase in NK cell counts, and this heightened
level was sustained throughout the simulation period (Figure 71).
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Figure 7. Predicted immune response following consecutive three injections of the final construct
vaccine given one month apart. (A) The frequency of different Immunoglobulin and
immunocomplexes production in response to antigen injections (black). Various subclasses are
presented as colored peaks. (B) Various cytokine and interleukins. (C) The prediction of computed B-
cell amounts. (D) The prediction of T-helper, (E) T-cytotoxic cell amounts per state, (F) various IgG
subclasses, (G) CD4 T-regulatory lymphocytes count showing total/memory/per entity-state counts,
(H) CD8 T-cytotoxic lymphocytes count showing total and memory populations, and (I) NK cell
populations after three vaccine injections.

4. Discussion

GBM in adults stands out as one of the most lethal and challenging forms of malignant solid
tumors. In the United States, approximately 12,120 patients were diagnosed with GBM in 2016, and
they faced a daunting 5-year survival rate of only 5%. Despite extensive research endeavors, there
has been minimal headway in extending the lifespan of GBM patients [4]. Hence, significant efforts
are underway to explore novel approaches, including preventive and therapeutic GBM vaccines [54].
Various GBM vaccines, such as those based on Heat Shock Protein (HSP) and dendritic cells (DCs),
have demonstrated efficacy in animal models but have not yet successfully transitioned into human
clinical trials [54-56]. The emergence of advanced genomic sequencing technologies offers the
potential for crafting individualized vaccines directed at specific neoantigens [57]. Neoantigens,
arising from genetic mutations within cancer cells, can be identified as foreign antigens by the
immune system [58]. Peptide-based cancer vaccines targeting neoantigens restrain the likelihood of
tolerance as well as normal tissue toxicity and improve antitumor immune response compared with
common cancer vaccines [57].

The current study focused on the development and in-silico design of a potential peptide-based
vaccine for GBM using four neoantigens (PLAUR, ITGB3, HLA-B, and HLA-A) that are
overexpressed in GBM compared to normal brain tissues. These proteins hold great promise as
targets for vaccine development strategies, as any vaccine created could serve as potential preventive
or therapeutic agents [20]. The surface proteins we chose showed promise as vaccine candidates in
immunogenic investigations, as indicated by our bioinformatics analysis. In our study, we utilized
the TCGA database to examine the gene expression profiles of our target proteins. Our analysis


https://doi.org/10.20944/preprints202408.2058.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 29 August 2024 d0i:10.20944/preprints202408.2058.v1

14

consistently revealed substantial overexpression of these proteins in GBM samples when compared
to normal tissue. Additionally, we explored the correlation between the expression levels of these
selected proteins and the survival of GBM patients using clinical data from the TCGA database. Our
survival analysis unveiled a compelling trend: an increase in the gene expression of these proteins
was associated with a notable decrease in the survival probability among GBM patients. These
findings signify the potential clinical significance of these proteins in the context of GBM and provide
a valuable foundation for vaccine design. In our epitope design process, we focused on the mutated
segments within the neoantigens under investigation to craft both CTL and Th cell epitopes. This is
essential to avoid targeting the wild-type proteins which could lead to further complications, as
demonstrated by the involvement of platelets in immune responses generated against wild-type
ITGB3, which can result in immune thrombocytopenia [59-61]. Subsequently, we rigorously
evaluated these epitopes for their antigenic, allergenic, and toxic properties, along with their ability
to induce IFN-y and IL-4 responses. The resultant vaccine construct was assembled with meticulous
care, consisting of three CTL epitopes, one Th cell epitope, along with the inclusion of an adjuvant,
EAAAK, and AAY linker sequences. The employed linker sequences promote epitope presentation,
while they also decrease the possibility of the formation of junctional epitopes [62]. The presence of
the EAAAK linker serves to diminish the interaction with adjacent protein regions, thereby
enhancing overall stability [63,64]. It has been demonstrated that the 50S ribosomal protein L7/L12,
which we employed as an adjuvant, possesses an affinity for TLR4 [65-67].

The suggested vaccine construct demonstrated antigenicity while remaining non-allergenic,
signifying its ability to effectively trigger strong immune responses without posing the risk of
provoking harmful allergic reactions. The theoretical plI of the vaccine was found to be 5.7, indicating
that the vaccine is acidic in nature. The molecular weight of the vaccine was 19.88 kDa, which is
appropriate since proteins with molecular weights less than 110 kDa are easier and quicker to purify
[68]. The vaccine exhibited a substantial proportion of a-helical structure (79.03%), resulting in a
calculated instability index of 24.96. This value falls below the threshold of 40, signifying that the
vaccine can be classified as a stable protein [32]. In 2021, Gharbavi et al. designed a vaccine construct
from three proteins: IL-13Ra2, TNC, and PTPRZ-1 [69]. The half-life of our vaccine was determined
to be 30 h in mammalian reticulocytes, while the half-life of the constructs designed in the study of
Gharbavi et al. was 1.1 hour [69], indicating that our vaccine would be exposed to the immune system
for a longer period of time than the vaccines designed by Gharbavi et al. The aliphatic index of the
vaccine was calculated to be 81.67, which is higher than vaccine designed by Gharbavi et al. [69],
Sanami et al. [70], and Kumar et al. [71], and shows that our vaccine is thermostable.

Upon constructing the three-dimensional structure of the vaccine, we employed a refinement
process to enhance its quality, bringing it closer to its native conformation. We conducted a thorough
assessment of the model's quality, confirming the high quality and reliability of our vaccine model.
It has been found that TLR4 is expressed at least in 43% of GBM cells in the xenograft [69]. TLR4
exhibits anti-tumor effects that operate independently of the presence of active immune cells [72].
Hence, we conducted molecular docking analysis to examine the interaction between the vaccine and
TLR4. The molecular docking analysis revealed a strong interaction between the vaccine and TLR4.
Subsequently, we subjected the docked vaccine-TLR4 complex to MD simulation to assess the
stability of the vaccine construct. Our MD data clearly demonstrated that hydrogen bonding stands
out as the pivotal interaction between the vaccine and TLR4. The RMSD plot, which was generated
for the proposed vaccine and TLR4, indicated the stability of both entities. Furthermore, the RMSF
analysis unveiled that the vaccine construct exhibited minimal fluctuations, particularly in regions
characterized by extensive interactions with TLR4.

It has been well documented that immunity against GBM relies on the concerted action of both
B and T lymphocytes [73,74]. While the involvement of cytotoxic T cells in eliminating peripheral and
brain tumors has been extensively studied and confirmed [75,76], research has also underscored the
significant contribution of B cells in augmenting the costimulatory signaling between dendritic cells
(DCs) and T cells [77]. According to our findings, the concentrations of IFN-y and IL-2 exhibited an
initial increase after the initial injection and consistently maintained their peak levels with subsequent
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exposures to the antigen. This observation suggests the presence of elevated T-helper cell (THC)
activity, leading to an efficient production of immunoglobulins and endorsing a humoral immune
response. The immune simulation yielded outcomes in alignment with conventional immune
responses, demonstrating a general augmentation in immune responses with repeated exposure to
the antigen. In the context of GBM, it is worth noting that IgG, IgM, and IgA responses to glioma
antigens are implicated in disease protection [78-80].

Since in-silico approaches have inherent limitations when it comes to predicting physicochemical
properties, structural aspects, and immunogenicity, the effectiveness of our proposed vaccine must
be substantiated through additional laboratory experiments.

5. Conclusions

Finding effective solutions for GBM treatment in a clinical setting remains a formidable
challenge, necessitating the development of innovative approaches. No proper treatments are
available for the patients yet. The emergence of immunotherapy presents a potential avenue for
effective treatment, and the utilization of in-silico methods could prove advantageous in designing a
potent vaccine against this devastating disease. In this study, we harnessed immuno-informatic tools
and an MD approach to formulate a multi-epitope peptide vaccine targeting GBM. This vaccine was
meticulously crafted based on overexpressed cell surface neoantigens found on GBM cells. Our
designed vaccine exhibited the capacity to elicit a robust immune response, as evidenced by
computer-based predictions of its immunogenicity and antigenicity. Our proposed vaccine holds the
potential to serve as a supplementary tool aimed at enhancing treatment outcomes for GBM. The
proposed vaccine needs future both in vitro and in vivo studies.
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