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20.1 Introduction

The recent emergence of several pathogens and their associated diseases has made us realize the importance of develop-
ing proper treatment and preventive measures for infectious disease and how devastating disease could be without one.
Amongst all medical interventions invented, vaccination stands tallest in preventing so many infectious diseases overall.
Vaccines have been used over a long period as an efficient and cost-effective method to prevent and cure diseases. Any
vaccine candidate’s success can be implicated via its global impact on human/animal healthiness and life expectancy. It
must be noted that the traditional vaccine designing for fast-evolving pathogens, for example, Influenza A virus, has
not been entirely successful as they lack the broad spectrum and does not provide long-lasting protection. Conventional
vaccine preparation methods include the use of living, killed, or attenuated strains of the pathogens (McVey & Shi,
2010; Unnikrishnan, Rappuoli, & Serruto, 2012). These methods usually involve culturing the coveted microorganisms
at a large scale followed by effective inactivation and verification of the vaccine’s ability to induce an immune response
(Abd-Elghaffar, Rashed, Ali, & Amin, 2020). This process is expensive and usually takes around 5—15 years to com-
plete. During the last three decades, with the evolution of next-generation sequencing (NGS) technologies along with
the participation of sequence analysis, structural modeling, and machine learning, the field of vaccinology has become
more interdisciplinary (Jorge & Dellagostin, 2017). With the availability of numerous bacterial, viral, archaeal, and
eukaryotic genomes, identifying potential vaccine antigens (Ags) has become rapid, converging, and cheap. Structural
biology-based advances in epitope mapping and modeling-based prediction have provided essential understandings of
immunogenic Ags rational optimization. Machine learning, statistical approaches, and mathematical models have helped
immensely in understanding the meaning of the high-throughput data followed by the identification of the best antigenic
candidates from a large pool of candidates (He, Rappuoli, De Groot, & Chen, 2010). Therefore in silico techniques for
vaccine design, being both cost- and time-effective, can substantially assist the vaccine development process. These rev-
olutionary technologies allowed scientists to move from traditional vaccine-making strategies to computation-based
rationally designed vaccines, evolving a new approach and terminology known as “reverse vaccinology” (RV)
(Rappuoli, 2000).

The first step in developing any vaccine is the identification of an epitope, which is an immunogenic segment of the
Ag to which the complementary antibody or T-cell receptors (TCRs) bind (Flower, Macdonald, Ramakrishnan, Davies,
& Doytchinova, 2010). Designing vaccine constructs with multiple epitopes offers better immunogenicity over single
epitope (Livingston et al., 2001). Epitope-based vaccines provide a remarkable advantage among the different methods
used for vaccine development. This approach allows us to develop highly specific vaccines that do not trigger an unde-
sirable immune response (Mahanty, Prigent, & Garraud, 2015). They are cost-effective and generate prolonged immu-
nity in the host (Ahmad, Eweida, & Sheweita, 2016). Building a multiepitope vaccine involves the identification of
suitable epitopes with the ability to induce desirable humoral and cellular immune responses. A humoral immunity,
often referred as antibody-mediated immunity, is responsible for differentiating pathogenic Ags circulating inside the
host’s body. The cellular response (cell-mediated immunity) activates cytotoxic T-cell lymphocytes (CTLs) and triggers

Bioinformatics. DOL: https://doi.org/10.1016/B978-0-323-89775-4.00011-0
© 2022 Elsevier Inc. All rights reserved. 317


https://doi.org/10.1016/B978-0-323-89775-4.00011-0

318 Bioinformatics

FIGURE 20.1 Broad overview of the reverse
vaccinology-based vaccine development process.
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the release of cytotoxins in response to abnormal MHC markers. Such markers usually originate from pathogen-
infection or by the presence of tumor cells (Akinola et al., 2019).

RV takes advantage of the genomic information sequenced from infectious agents and employs computational tools
to identify and examine immunogenic Ags (Rappuoli, 2000). RV provides an advantage over conventional vaccine
development methods mainly because it is a nonculture-based approach to identify Ags in a pathogen, making it fast
and inexpensive (Dalsass, Brozzi, Medini, & Rappuoli, 2019). Advancements in high-throughput sequencing technology
and its accessibility at low-cost have led to the development of numerous web-based resources for in silico vaccine
designing. This chapter enlists the computational tools used in the vaccine development process, starting with Ag selec-
tion methods, immunological databases, and RV pipelines. Furthermore, it describes the methods used for B-cell epi-
tope (BCE) prediction (both linear and conformational), T-cell epitope (TCE) prediction (MHC class I and MHC class
II binders), adjuvant and linker selection followed by computational tools used for structural analysis of the vaccine
construct, toxicity test, peptide half-life, etc. In the end, we also converse the role of NGS in vaccine design and the
success paradigms of computer-aided vaccines. In all sections, we have mentioned several reported web servers and
databases. However, special emphasis has been given to the popular ones having more practical relevance. We have
summarized our broad view of the vaccine development process in Fig. 20.1.

20.2 Antigen selection and immunological databases

An Ag is a foreign substance with the ability to induce an immune response in the body. These are usually parts of pro-
teins derived from pathogens. Discrimination of self-Ags from the nonself-Ags and MHC molecules is achieved by the
elimination of immature T cells with receptors that will potentially bind to self-Ags and MHC molecules (von Boehmer
& Kisielow, 1990). This process occurs in the thymus gland and prevents such aberrant T cells from instigating an auto-
immune response. Ags can broadly be classified into three groups:

20.2.1 Exogenous antigens

Extracellular Ags (e.g., fungi, viruses, bacteria) are known as exogenous Ags. These Ags are taken up by Ag-presenting
cells (APCs), which include B lymphocytes (B cells) and phagocytic cells (macrophages, dendritic cells, etc.) by
endocytosis.
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20.2.2 Endogenous antigens

Ags that originate within the cell (intracellular) due to the degradation of the viral infection of cells, tumor cells, or
defective Ags are known as endogenous Ags. They might be categorized into autologous, heterologous (xenogenic),
and homologous (allogenic). These Ags are presented by MHC class I molecules (Rock, Reits, & Neefjes, 2016). They
are processed by macrophage cells, followed by cytotoxic T cells.

20.2.3 Autoantigens

These are simple or complex molecules (such as nucleoproteins, nucleic acid, and carbohydrates), which under normal
conditions do not work as an Ag; however, in case of specific autoimmune diseases, the immune system of those
patients recognized them as Ags.

Ag selection is the first and essential step in epitope-based vaccine development. We must determine the specific
conformational and structural characteristics of an Ag, sufficient to induce immune response without the risk of cyto-
kine storm or tolerance of immune function. Multiple RV programs have been developed to address this issue. They
can be used to predict Ags from the pathogen’s genome/proteome. Based on the approach they use, RV programs can
be classified into two types: classifying or filtering (Dalsass et al., 2019). Filtering programs are based on decision tree
algorithms, whereas classifying programs are based on machine-learning algorithms, such as support vector machines
(SVM), logistic regression, etc. VaxiJen (Doytchinova & Flower, 2007) was the first server to be developed following
an alignment-free approach to predict protective Ags. This server is based on a machine-learning strategy and can be
used to predict bacterial, viral, and tumor Ags. Vaxign (He, Xiang, & Mobley, 2010) is another RV tool used to predict
and analyze vaccine targets based on genome sequences. It is a decision tree software. The Vaxign server includes two
programs: (1) Vaxign query, which allows the user to explore precomputed Vaxign results, and (2) dynamic Vaxign
analysis, which enables the user to dynamically execute Vaxign for a given input sequence and visualize the results.

Besides building various Ag prediction tools, several immunological databases have been generated in the last three
decades. These databases contain different types of information related to the human immune system and pathogenic
Ags. AntigenDB (Ansari, Flower, & Raghava, 2010) is one such repository that comprehensively maintains information
about experimentally-validated pathogenic Ags. Each entry constitutes details, such as their chemical structure, protein
sequence, and origin. Immune Epitope Database and Analysis Resource (IEDB) (Fleri et al., 2017; Vita et al., 2019) is
one of the largest and freely available (funded by NIAID) databases containing information about B-cell assays, T-cell
assays, peptidic as well as nonpeptidic epitopes, and MHC ligand assays along with source organisms of these epitopes
in the context of diverse infectious diseases, autoimmunity, transplantation, and allergy. The first version of this data-
base was established in 2011, and now it consists of approximately two million experiments gathered from >20,000
publications. Likewise, we have MHCBN 4.0, which maintains information about the MHC/TAP-binding peptides and
TCEs (Lata, Bhasin, & Raghava, 2009), BciPep maintaining BCEs (Saha, Bhasin, & Raghava, 2005). Apart from gener-
alized databases, scientists across the world have developed several resources, specific to certain diseases. MalVac
(Chaudhuri, Ahmed, Ansari, Singh, & Ramachandran, 2008) is a database that maintains information related to Malaria
vaccine candidates. Similarly, MycobacRV (Chaudhuri, Kulshreshtha, Raghunandanan, & Ramachandran, 2014) is a
database for Mycobacterial vaccine candidates, MtbWeb is a web portal that is specifically created for designing vac-
cines against mycobacterium tuberculosis and its various strains (Dhanda et al., 2016), and FungalRV (Chaudhuri,
Ansari, Raghunandanan, & Ramachandran, 2011) is a database for human fungal pathogens. Additional details about
other immunological databases and Ag-predicting tools are provided in Table 20.1.

20.3 In silico method for B-cell epitope prediction

BCE is the antigenic part that will bind to the antibody or immunoglobulin (Ig). Most of these epitopes are proteina-
ceous in nature, and B cells recognize them. The conventional epitope identification methods include X-ray cocrystallo-
graphy, tandem mass spectroscopy, enzyme-linked immunosorbent spot assay, etc. However, these techniques are
expensive and time-consuming. Hence, computational tools to predict epitopes propose an excellent alternative. B cells
have receptors known as Igs or antibodies. Prediction of BCE plays a vital role in the epitope vaccine development.
BCE can be divided into two types: continuous (or linear) and discontinuous (or conformational) epitopes (Zhang,
Zhao, Sun, Gao, & Ma, 2014). Over the years, several computational tools have been developed to predict BCE. These
tools can be classified based on structured-based methods or sequence-based methods.
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TABLE 20.1 List of repositories or databases developed for maintaining antigenic protein/peptide vaccine candidates.

Name

Description

Database maintaining immunogenic/antigenic protein/peptide vaccine candidate

AntigenDB 2.0

A database of Ags

References

Ansari et al. (2010)

VaxiJen 2.0 A tool for protective Ags and subunit vaccines prediction Doytchinova and Flower (2007)

Epitome Database of structurally inferred antigenic epitopes in proteins Schlessinger, Ofran, Yachdav, and
Rost (2006)

SYFPEITHI A database of MHC class | and Il ligands and peptide motifs Rammensee, Bachmann, Emmerich,
Bachor, and Stevanovic¢ (1999)

MHCBN 4.0 A curated database comprising information of MHC class I- and Lata et al. (2009)

ll-binding peptides, nonbinding peptides, and T-cell epitopes

IPD-IMGT/HLA The database provides information on human MHC sequences Robinson et al. (2020)

SDAP Structural database of allergenic proteins Ivanciuc, Schein, and Braun (2003)

EpIC Pipeline for epitope immunogenicity characterization Marciniuk, Trost, and Napper (2015)

PRRDB A database comprising of pattern recognition receptor Lata and Raghava (2008)

PRRDB 2.0 An updated version of PRRDB Kaur, Patiyal, Sharma, Usmani, and
Raghava (2019)

IEDB A repository maintaining Immune epitopes Fleri et al. (2017)

Antijen A database maintaining quantitative data of various immune epitopes McSparron, Blythe, Zygouri,
Doytchinova, and Flower (2003)

BciPep A repository of B-cell epitopes Saha et al. (2005)

Organism-specific potential vaccine candidate database

MycobacRV Database of mycobacterial vaccine candidates Chaudhuri et al. (2014)

FungalRv Immunoinformatic portal and adhesion prediction for fungal pathogens Chaudhuri et al. (2011)

AgAbDb A repository of antigen—antibody interactions Kulkarni-Kale, Raskar-Renuse,
Natekar-Kalantre, and Saxena (2014)

InnateDB A knowledgebase resource of innate immunity interactions and pathways Breuer et al. (2013)

MalVac A repository of malarial vaccine candidates Chaudhuri et al. (2008)

Pipelines for developing reverse vaccinology vaccine candidates

Vacceed (RV)
VacSol (RV)

In silico vaccine candidate for eukaryotic pathogens discovery pipeline

Pipeline for reverse vaccinology. It screens out therapeutic targets, such
as proteins/genes from the microbial genome

Ags, Antigens; I[EDB, Immune Epitope Database and Analysis Resource; RV, reverse vaccinology.

20.3.1

Prediction of conformational B-cell epitopes

Goodswen, Kennedy, and Ellis (2014)
Rizwan et al. (2017)

Conformational BCE consists of patches of solvent-exposed atoms present proximally in the 3-D functional protein
structure. However, it may or may not be continuous in the protein sequence. Conformational BCEs are more abundant
(about 90%) as compared to the linear BCEs (Van Regenmortel, 2009). However, the length of the antigenic peptide,
which contributes to the binding of the paratope site of the antibodies is still less understood. Multiple tools have been
developed to address this issue, as indicated in Table 20.2. DiscoTope 2.0 (Kringelum, Lundegaard, Lund, & Nielsen,
2012) is one such tool that precisely predicts conformational epitopes by differentiating epitope and nonepitope residues
based on amino acid statistics, spatial neighborhood, and surface availability. CBTOPE (Ansari & Raghava, 2010) is a
SVM-based tool used to predict conformational BCEs. PEPOP 2.0 (Demolombe et al., 2019) is another such tool that
predicts discontinuous epitopes by computing different combinations of amino acids using 34 different algorithms.
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TABLE 20.2 List of computational methods developed for predicting conformational B-cell epitopes.

Name Description References
DiscoTope 2.0 A structure-based antibody prediction tool Kringelum et al. (2012)
PEPOP 2.0 A tool for predicting noncontinuous epitopes Demolombe et al. (2019)
SEPPA 3.0 A tool for spatial epitope prediction for protein Ags, especially N-linked Zhou et al. (2019)
glycoproteins
BEpro Discontinuous B-cell epitope prediction tool Sweredoski and Baldi
(2008)
CBTOPE SVM-based method for predicting conformational B-cell epitope Ansari and Raghava (2010)
SEPIla A standalone method for predicting conformational B-cell epitopes Dalkas and Rooman
(2017)
ElliPro A tool for predicting B-cell epitopes using solvent accessibility and flexibility Ponomarenko et al. (2008)
information

Ags, Antigens; SVM, support vector machine.

TABLE 20.3 List of computational methods developed for predicting linear B-cell epitopes.

Name Description References

ABCPred B-cell epitope prediction server based on Artificial Neural Network Saha and Raghava (2006a)

BcePred B-cell epitope prediction server based on sequence physiochemical properties Saha and Raghava (2004)

SVMTriP A tool for linear antigenic epitopes prediction Yao et al. (2012)

LBtope A tool for linear B-cell epitopes prediction Singh, Ansari, and Raghava (2013)

BepiPred-2.0 A tool for sequential B-cell epitope prediction Jespersen, Peters, Nielsen, and
Marecatili (2017)

IgPred A tool for antibody-specific B-cell epitope prediction Gupta, Ansari, Gautam, and
Raghava (2013)

LBEEP A standalone for linear B-cell exact epitope prediction Saravanan and Gautham (2015)

COBEpro A tool for linear B-cell epitope prediction Sweredoski and Baldi (2009)

IEDB A tool for B-cell epitope prediction Fleri et al. (2017)

Epitopia A web server for predicting B-cell epitope Rubinstein, Mayrose, Martz, and

Pupko (2009)

IEDB, Immune Epitope Database and Analysis Resource.

20.3.2 Prediction of linear B-cell epitopes

Continuous BCEs account for nearly 10% of the reported BCEs. Continuous (or linear) BCE prediction is more chal-
lenging as compared to the discontinuous (or conformational) epitopes. This might be due to the variable length of lin-
ear BCEs, making them difficult to predict. ABCPred (Saha & Raghava, 2006a) is one of the early linear BCE
prediction servers developed based on Recurrent Neural Network architectures. Other servers have also been created,
such as BcePred (Saha & Raghava, 2006a) and SVMTriP (Yao, Zhang, Liang, & Zhang, 2012), which predict linear
BCEs based on SVM algorithm. More details about BCE predicting methods are provided in Table 20.3.

BCE prediction tools have been used by multiple research groups in the past to identify pathogenic epitopes. Baral
et al. in their research work used BepiPred 2.0, BCPREDS, and BcePred servers independently to predict BCEs of
Lassa Virus (LASV) based on its glycoprotein’s amino acid sequence (Baral, Pavadai, Gerstman, & Chapagain, 2020).
They also performed structure-based BCE prediction for LASV glycoprotein using ElliPro, Epitopia, and DiscoTope.
The final potential BCE was selected by taking a consensus of all the hits from sequence- and structure-based tools.
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Likewise, in an another study, linear BCE was predicted using the BepiPred 1.0 tool for the HSP83.1 protein of
Leishmania braziliensis revealing potential targets for the serodiagnosis of human tegumentary visceral leishmaniasis
and canine visceral leishmaniasis (Menezes-Souza et al., 2015).

Similarly, another study used ABCPred server and BepiPred 1.0 server to predict linear BCEs of spike glycoprotein
of infectious bronchitis virus (Ding et al., 2015). A recent research used IEDB and BCPRED to forecast the BCE in
spike (S) protein of Middle East respiratory syndrome coronavirus (MERS-COV) (Tahir ul Qamar et al., 2019). In this
study, VaxiJen 2.0 server was used to identify the antigenicity of the predicted epitopes. Linear BCE was predicted by
the BepiPred 1.0 method, and discontinuous BCE was predicted using the DiscoTope server.

20.4 In silico method for T-cell epitope prediction

TCEs are peptide sequences that are attained from Ags and recognized by TCRs, when they are exhibited on the exte-
rior surface of APCs. TCEs are presented by MHC class I and class II molecules, which are, respectively, recognized
by two different types of T cells, that is, CD8 and CD4 cells. Extensive research has been going on for the past three
decades for TCE prediction. TCEs can be predicted based on direct or indirect methods. Direct method includes analy-
sis of structure and sequence of TCE (Stille, Thomas, Reyes, & Humphreys, 1987) whereas indirect methods include
prediction of MHC binders. Due to high precision and specificity, MHC binder prediction tools are widely used rather
than the use of TCE prediction tools. MHC binders can be classified into two types: (1) MHC class I binders (CD8 + T
cells), which are responsible for endogenous Ag processing (Table 20.4), and (2) MHC class II binders (CD4 + T cells

or helper T cells) for exogenous Ag processing (Table 20.5).

TABLE 20.4 List of computational tools developed for predicting MHC class I binders and cytotoxic T-cell epitopes.

Name

PCPS

Pcleavage
NetChop 3.1
TAPPred
NetMHCcons 1.1
NetMHC
NetMHCpan 4.1

NetCTLpan 1.1

PickPocket 1.1

nHLAPred
CTLPred
MMBPred
NetTepi 1.0

ProPred 1.0
TAPREG

FRED2
IEDB Consensus

CTL, Cytotoxic T-lymphocyte; /EDB, Immune Epitope Database and Analysis Resource; SVM, support vector machine.

Description

A prediction server for proteasome cleavage

SVM-based tool for predicting proteasome cleavage

A neural network-based method for predicting proteasome cleavage sites
A web server for predicting peptide-binding affinity toward TAP transporter
An ANN-based method for predicting MHC class I-binding peptides

An ANN-based method for predicting MHC class I-binding peptides

A tool for predicting peptide binding to any MHC molecule of known
sequence

A tool for predicting CTL epitopes in a query sequence

A tool for predicting peptide binding to any MHC molecule using position-
specific weight matrices

A tool for predicting MHC class | restricted T-cell epitopes
SVM- and ANN-based method for predicting CTL epitopes in a query sequence
A web server for predicting mutated high-affinity MHC class I-binding peptides

A method for predicting T-cell epitopes from protein sequence. It predicts
for 13 different human MHC alleles

A tool for predicting MHC class I-binding regions in antigen

SVM-based tool for predicting peptide affinity to TAP

A standalone for predicting T-cell epitopes

A tool for predicting MHC class I-binding peptides

References

Gomez-Perosanz, Ras-Carmona,
and Reche (2020)

Bhasin and Raghava (2005)
Nielsen et al. (2005)

Bhasin and Raghava (2004a)
Karosiene et al. (2012)
Andreatta and Nielsen (2016)
Reynisson et al. (2020)

Stranzl, Larsen, Lundegaard,
and Nielsen (2010)

Zhang et al. (2009)

Bhasin and Raghava (2007)
Bhasin and Raghava (2004b)
Bhasin and Raghava (2003)
Trolle and Nielsen (2014)

Singh and Raghava (2001)

Diez-Rivero, Chenlo, Zuluaga,
and Reche (2010)

Schubert et al. (2016)
Moutaftsi et al. (2006)
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TABLE 20.5 List of computational tools developed for predicting MHC class Il binders.

Name Description References

ProPred A tool for predicting MHC class Il-binding regions in antigen Singh and Raghava (2001)

IEDB Consensus 2.22 A tool for predicting MHC class 1l-binding peptides Wang et al. (2008)

NetMHClIpan 3.1 A neural network-based method for predicting MHC class ll-binding Andreatta et al. (2015)
peptides

HLA-Dr4Pred SVM- and ANN-based method for predicting peptides interacting with Bhasin and Raghava (2004c)
HLA-DRB1*0401

EpiTOP3 QSAR-based method for predicting MHC class lI-binding peptides Dimitrov, Garnev, Flower, and

Doytchinova (2010)
MHC2Pred SVM-based method for the prediction of MHC class Il binders Lata, Bhasin, and Raghava (2007)
PREDIVAC A method for MHC class II-binding prediction based on specificity Oyarzin et al. (2013)

determining residue (SDR) concept

IEDB CD4episcore A method for predicting CD4 T-cell immunogenicity Dhanda et al. (2018)

IEDB, Immune Epitope Database and Analysis Resource; SVM, support vector machine.
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FIGURE 20.2 Schematic representation of the endogenous antigen-processing pathway.

20.4.1 MHC class I binder prediction

Endogenous or intracellular Ag processing involves multiple steps (Fig. 20.2). Initially, Ags are recognized and cleaved
by the proteasome to small antigenic peptides. MAPPP (Hakenberg et al., 2003) and NetChop 3.1 (Kesmir, Nussbaum,
Schild, Detours, & Brunak, 2002; Nielsen, Lundegaard, Lund, & Kesmir, 2005) are specialized web servers developed
to predict proteasomal cleavage sites. The transportation of peptide residues to the endoplasmic reticulum (ER) is medi-
ated by transporters associated with Ag-processing (TAP) protein complexes. The binding affinity (BA) of antigenic
peptides toward TAP can be predicted using computational tools, such as TAPPred (Bhasin & Raghava, 2004a), which
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is based on cascade SVM (C-SVM), with the use of amino acid features and their sequence. The antigenic peptides are
then presented to cytotoxic T cells via MHC class I molecules. Multiple computational tools have been developed to
predict MHC class I peptide binders. NetMHCcons 1.1 (Karosiene, Lundegaard, Lund, & Nielsen, 2012) is a web server
used to predict peptide binding to known MHC class I molecules. It is an amalgam of three web-based tools to provide
a precise prediction of MHC class I binders. NetMHC 4.0 is based on allele-specific Artificial Neural Network (ANN)
method, which has been trained using 81 different human MHC alleles (NetMHCcons 1.1 server uses version 3.4)
(Andreatta & Nielsen, 2016). NetMHCpan 4.1 is a web server that can be used to predict the binding of peptides to any
known sequence of MHC molecules (Reynisson, Alvarez, Paul, Peters, & Nielsen, 2020). It is based on the pan-specific
ANN method, which has been trained on more than 850,000 BA and Eluted Mass-Spectrometry Ligands peptides com-
bined (NetMHCcons 1.1 server uses version 2.8). PickPocket 1.1 is an online server that uses position-specific weight
matrices to predict the binding of peptides to any known MHC molecule (Zhang, Lund, & Nielsen, 2009). It has been
trained on more than 150,000 quantitative binding data comprising more than 150 different MHC molecules.

Peptides bound to MHC molecules are presented to the cell surface, which is then recognized by CD8 + T cells.
CTLpred (Bhasin & Raghava, 2004b) is a computational tool developed to predict the binding of MHC-bound peptides
to CD8 + T cells. It is based on machine-learning techniques, such as SVM and ANN.

20.4.2 MHC class Il binder prediction

In exogenous Ag processing, Ags are broken down into peptides by the endo-lysosomal system (Fig. 20.3). These pep-
tides bind to MHC class II molecules, which are presented to CD4 + T helper cells. MHC class II-binding peptides can
be predicted by several computational tools (Table 20.5). EpiDOCK (Atanasova, Patronov, Dimitrov, Flower, &
Doytchinova, 2013) is the first structure-based MHC class II-binding prediction server. It employs homology
modeling and molecular docking approaches to predict the BA of antigenic peptides to MHC class II molecules.
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FIGURE 20.3 Schematic representation of exogenous antigen-processing pathway.
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ProPred (Singh & Raghava, 2001) is another web-based tool that utilizes quantitative matrices to predict MHC class II-
binding regions in an Ag sequence. NetMHClIIpan 3.1 (Andreatta et al., 2015) is a state-of-the-art quantitative method
to predict the binding of peptides to any MHC class II molecule of known sequence in humans and mice. The computa-
tional tools mentioned above are based on indirect methods for predicting TCE. Recently direct methods have been
developed to predict TCE. PREDIVAC (Oyarzun, Ellis, Bodén, & Kobe, 2013) comprehensively covers HLA class II
alleles and predicts CD4 + Helper T cells with high precision.

The tools mentioned above have been very resourceful in the prediction and validation of TCEs and have been used
extensively by various research groups in the past. This research (Baral et al., 2020) used ProPred-1, CTLPred, and
NetCTL1.2 methods for the LASV glycoprotein sequence for MHC class I TCE prediction; however, in contrast, MHC
class II TCE was predicted using ProPred, NetMHCII 2.3, and EpiTOP 3.0 methods. Another research (Simoneau et al.,
2008) predicted the proteasomal cleavage sites in Tyrosine Phosphate SHP-1 using Pcleavage server. SHP-1 is
expressed in the intestinal epithelial cells. They identified that the 208th residue tyrosine and 591st residue serine play
a significant role in SHP-1 proteolysis (Simoneau et al., 2008). In another prominent work (Tahir ul Qamar et al.,
2019), TCEs were predicted for the MERS-CoV spike protein using ProPred1 for MHC class I whereas ProPred tool
was used for MHC class II binder. These studies show the significance of computational tools in predicting potential
vaccine candidates.

20.4.3 MHC gene diversity and its importance in T-cell epitope prediction

Genes encoded by the MHC molecules are essential for adaptive immune responses in vertebrates. These genes encode
receptors that recognize peptides obtained by intracellular and extracellular pathogen processing (Minias, Pikus, &
Anderwald, 2019). Peptides (obtained by processing of intracellular proteins) of length 8—11 amino acids are presented
by MHC class I for activating CD8 + CTLs. In contrast, MHC class II presents peptides (obtained by processing of
extracellular proteins) of a more variable length to activate CD4 + T helper cells (Neefjes, Jongsma, Paul, & Bakke,
2011). However, all the presented peptides are not immunogenic, and the MHC molecules bind to a limited number of
foreign peptides. The number of pathogens that can be recognized and killed depends upon the number of MHC mole-
cules expressed within the individual organism. The diversity of the MHC alleles in an individual is primarily deter-
mined by the number of duplicate MHC loci (O’Connor, Strandh, Hasselquist, Nilsson, & Westerdahl, 2016). In
humans, there are three functional MHC class I loci, responsible for presenting pathogenic peptides replicating in the
cytoplasm to CD8 + T cells, and three to four functional MHC class II loci, responsible for presenting pathogenic pep-
tides replicating in extracellular space to CD4 + T cells. According to databases, such as Immuno Polymorphism
Database (IPD-IMGT/HLA), which is a part of the international ImMunoGeneTics project IMGT), there are more than
17,000 MHC alleles I humans. However, as mentioned above, the number of functional loci (3—4 in number) allows
only 12—14 alleles in an individual (fully heterozygous). One of the possible explanations for this is TCRs’ depletion.
TCRs play an essential role in identifying peptide-MHC complexes mostly via complementary determining region 3
(CDR3) loops (Kolev & Kemper, 2017; Zhong et al., 2013). TCR CDR3 regions are very diversified because of somatic
V(D)J recombination or somatic hypermutation in rare cases. These diversified regions are also known as TCR reper-
toire and undergo positive/negative thymic selection. The positive selection allows retaining of the T cells interacting
moderately with the MHC-self peptide complex, whereas negative selection leads to the deletion of T cells having
strong avidity to MHC-self peptide complex. Hence, the relationship between the number of TCR repertoire and MHC
genes is very crucial and requires a more detailed understanding for designing immunodominant T-cell epitopes.

20.5 Adjuvant and linker selection

Epitope-based vaccines usually require a few additional components in the vaccine construct to maximize the effective-
ness of the vaccine. These additional components, known as adjuvants, are molecular complexes that enhance the
immunogenicity of vaccine Ags. No matter how precise the prediction of BCEs and TCE:s is, without a proper selection
of adjuvants, the peptide-based vaccine may result in low immunogenicity. Vaxjo (Sayers, Ulysse, Xiang, & He, 2012)
is a web-based central database maintaining information about vaccine adjuvants and their usage in vaccine develop-
ment. VaxinPAD (Nagpal, Chaudhary, Agrawal, & Raghava, 2018) is a web-based tool used to predict immunomodula-
tory peptides (APC epitopes), which can potentially act as vaccine adjuvants.

Similarly, linkers are also an essential component of peptide-based vaccines. Linkers are also called “spacers” and
are responsible for linking the three main components of an epitope-based vaccine, that is, TCEs, BCEs, and intramo-
lecular adjuvants. Linkers are selected based on multiple properties, such as spacer length, hydrophobicity, peptide
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arrangement, hydrophobicity, secondary structure, and possible interaction of the spacer with the rest of the vaccine
construct. SynLinker (Liu, Chin, & Lee, 2015) and Linker (Crasto & Feng, 2000) are two such tools developed for
linker selection. However, as per our prior search history, we found the websites of these tools nonfunctional.

20.6 Building 3D model and validation of fusion vaccine construct

Structures of antibodies and their targets have shown promising results in designing new vaccine candidates (Kanekiyo,
Ellis, & King, 2019). The complex of antibody—target allows the approaches aimed at eliciting desired immune
responses, in developing the immunogens. However, different pathogens use different strategies to evade immune
responses. Therefore it is essential to understand how protective antibodies work. Ags might adopt multiple conforma-
tions throughout the pathogen life cycle. This could be due to its natural ability or because of the pathogen’s response
while evading the immune system. Therefore it is of utmost necessary to have a stabilized antigenic state, which could
be addressed by the genetic fusion events. Genetic fusion of such Ags with the scaffolds of the multimeric proteins has
offered stabilized quaternary stabilization. Structural knowledge could be advantageous in identifying the desired and
undesired structural states of such Ags. This information could be further used for protein engineering of target
proteins.

For in silico prediction of the structural stability of any vaccine constructed, it is necessary to build a 3D model of
the vaccine sequence. One of the most prevalent approaches to create a 3D model is through homology modeling.
Multiple computational tools are available to perform modeling of protein, such as EasyModeller 4.0 (Kuntal, Aparoy,
& Reddanna, 2010), which is a recently developed GUI for MODELLER (Marti-Renom et al., 2000), SWISS-MODEL
(Waterhouse et al., 2018), Phyre2 (Kelley, Mezulis, Yates, Wass, & Sternberg, 2015), and Rosetta (Lauck, Smith,
Friedland, Humphris, & Kortemme, 2010). The structural qualities of the constructed vaccine should be verified using
structural validation tools. Molecular docking analysis is usually performed to identify the BA of predicted vaccines
with Toll-like receptors (TLRs) and MHC class I and II receptors. TLRs play a significant role in the identification of
conserved pathogen-associated molecular patterns (PAMPs) activating the innate immune system. One of the most pop-
ular computational tools used for molecular docking is AutoDock 4.2 and AutoDock Vina (Morris et al., 2009; Trott &
Olson, 2010). These tools provide several valuable information, such as docking score, RMSD value, and binding
energy. MGL tools (http://mgltools.scripps.edu/) can be used to assist in structural analysis, docking studies, and imple-
menting AutoDock tools. It can be used to visualize protein structures, prepare receptor protein, perform docking, etc.
Molecular dynamic (MD) simulation is also a popular approach used to refine the 3D model of the vaccine construct.
This approach is broadly used to predict the behavior of atoms. It also predicts structural stability and helps in under-
standing the orientational changes at an atomic scale. Commonly used computational tools available to perform MD
simulations include NAMD (Phillips et al., 2005), GROMACS (GROningen MAchine for Chemical Simulations)
(Abraham et al., 2015), and LAMMPS (Lykov, Li, Lei, Pivkin, & Karniadakis, 2015).

20.7 Miscellaneous properties

There are various known properties, such as toxicity, half-life, and delivery, which govern the suitability of a peptide
being a potential vaccine candidate. These properties, as well as the resources developed regarding this, are discussed
below (Table 20.6).

20.7.1 Peptide toxicity

One of the main challenges associated with peptide-based vaccines is their toxicity, which could be immune toxicity,
cytotoxicity, or hemolysis. Peptides are among the most important immune response inducers; however, their toxicity
limits their uses. Several tools and resources have been developed to address this very issue. For example, ToxinPred
(Gupta, Kapoor et al., 2013) is an in silico method that predicts peptide/protein toxicity. It can also be used to design a
peptide with the least toxicity and determine toxic regions in a peptide. Apart from peptide toxicity, it is necessary to
predict whether the peptide is allergic to the body or not. Researchers have developed several tools that address the
issue of allergenicity of the proteins/peptides, for example, AlgPred (Saha & Raghava, 2006b), AlgPred 2.0 (Sharma
et al., 2020), and AllerTOP version 2.0 (Dimitrov, Bangov, Flower, & Doytchinova, 2014). Other databases, such as
Hemolytik (Gautam et al., 2014), comprise peptides that are hemolytic in nature. Likewise, HemoPI database predicts
the hemolysis property of a given peptide or number of peptides (Chaudhary et al., 2016). AHTPDB is a repository
that comprises peptides that are antihypertensive in nature (Kumar, Chaudhary, Sharma et al., 2015). AHTpin
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TABLE 20.6 List of miscellaneous tools and resources for vaccine design.

Name Description References

VaxinPAD SVM-based method for designing A-cell epitopes Nagpal et al. (2018)

Vaxjo A method for analyzing vaccine adjuvants Sayers et al. (2012)

Vaxgen A database comprising of vaccine-related pathogens and host genes and Xiang et al. (2008)

proteins

Protegen A database comprising information related to protective Ags Yang, Sayers, Xiang, and He (2011)

VirmugenDB A repository of virulent genes used for developing live attenuated vaccines Racz, Chung, Xiang, and He (2013)

DNAVaxDB A database of DNA vaccines Racz, Li, Patel, Xiang, and He (2014)

Vaxvec A database comprising information related to recombinant vaccine vectors Deng et al. (2015)

and vaccines

Prolnflam A method for predicting proinflammatory peptides Gupta, Madhu, Sharma, and Sharma
(2016)

ToxinPred SVM-based method for predicting the toxicity of peptides Gupta, Kapoor et al. (2013)

AlgPred A method for mapping IgE epitopes and predicting allergenic proteins Saha and Raghava (2006b)

AlgPred 2.0 An updated version of AlgPred Sharma et al. (2020)

AntiCP 2.0 A tool for predicting anticancer peptides Agrawal, Bhagat, Mahalwal, Sharma,
and Raghava (2020)

SATPdb A database of structurally annotated peptides Singh et al. (2016)

CPPsite 2.0 A database of natural and chemically modified cell-penetrating peptides Agrawal et al. (2016)

IL4pred A method for predicting interleukin-4 (IL-4)-inducing peptides Dhanda, Gupta, Vir, and Raghava
(2013)

IL6pred A method for predicting IL-6-inducing peptides Dhall, Patiyal, Sharma, Usmani, and
Raghava (2020)

IL-10Pred A method for predicting IL-10-inducing peptides Nagpal et al. (2017)

IL17escan A method for identification of IL-17-inducing peptides Gupta, Mittal, Madhu, and Sharma
(2017)

IFNepitope A method for predicting interferon-~-inducing peptides Dhanda, Vir, and Raghava (2013)

Ags, Antigens; SVM, support vector machine.
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(Kumar, Chaudhary, Singh Chauhan et al., 2015) and PAAP (Win, Schaduangrat, Prachayasittikul, Nantasenamat, &
Shoombuatong, 2018) are the in silico methods for predicting the antihypertensive nature of the peptides.

20.7.2 Half-life or stability

Another essential consideration for a good peptide-based vaccine is its stability in the body fluid or its ‘“half-life.”
Various chemical modifications, amino acid substitution with D-form, cyclization, etc., have been done to increase the
half-life of therapeutic peptides. PEPlife is one such database that maintains the information of peptide half-life along
with chemical modifications, and sequence information (Mathur et al., 2016). PlifePred (Mathur, Singh, Mehta,
Agrawal, & Raghava, 2018) is an in silico method for predicting the half-life of a natural or chemically modified
peptide.

20.7.3 Delivery methodology

Intracellular delivery of vaccine candidates to their suitable target or location is one of the critical and challenging tasks
faced by the researchers. Most of these vaccine candidates get ruled out in the final stage due to their low bioavailabil-
ity or poor delivery. Several methods have been developed in the past to address this issue; however, cell-penetrating
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peptides (CPPs) have shown a very promising role in drug delivery. CPPs are short cationic peptides (10—30 residues),
water-soluble, less toxic, and amphipathic in nature. CPPsite 2.0 database (Agrawal et al., 2016) provides a large
amount of information on such peptides. It not only stores information about natural CPPs but also chemically modified
CPPs. Besides these databases, machine-learning-based methods have been developed, which can predict as well as
design novel CPPs. Some of the widely used methods are CellPPD (Gautam et al., 2013), CellPPDMod (Kumar et al.,
2018), and CPPred-RF (Wei et al., 2017).

20.8 Role of next-generation sequencing technology in vaccine design

Currently, there are many vaccines available in the market against infection caused by influenza, diphtheria, pneumo-
coccus, measles, mumps, rubella, etc.; however, there are several other diseases against which we do not have any rele-
vant vaccines (Rappuoli, Miller, & Falkow, 2002). One of the main reasons that we do not have vaccines against these
pathogenic organisms is the variability in their genomes across various regions during the pandemic. Also, we do not
have a proper understanding of the mechanism by which these organisms evade host immune responses. Among these
pathogenic organisms, RNA viruses form a significant class that is of major concern. These viruses are the common
pathogens of humans and animals. Some of the examples include coronavirus, hepatitis, HIV-1, influenza A HIN1, and
the dengue virus.

Since the sequencing of the complete human genome in 2001, NGS technologies have revolutionized biological
research in humans as well as microbes. It has allowed the generation of large sequencing datasets at affordable cost
and time. Some of the key advantages of NGS are the generation of a large volume of transcriptomics data (RNA-seq),
histone modifications data (NGS methylation), DNA—protein interaction data (CHIP-Seq), etc. Researchers are utilizing
these datasets for vaccine development. NGS has allowed analyzing many genomes in a brief period. With the use of
different types of omics data, it has been easy to analyze the variability in the genome, gene expression changes, meth-
ylation level, host—pathogen interaction, pathway enrichment after the pathogen infection, etc. The final goal is to deci-
pher the mechanisms by which pathogens protect themselves from the host immune response. A detailed description of
various NGS technologies and their association with vaccine development has been well-documented in this review
(Luciani, Bull, & Lloyd, 2012).

Utilizing these evolved technologies, several in silico tools have been developed over the years by scientists. Some
of the important resources developed in this field include various genomics sequencing projects, such as TCGA
(Weinstein et al., 2013), ENCODE (Davis et al., 2018), ICGC (Zhang et al., 2019), and NCBI. TCGA and ICGC pro-
vide the different types of omics data (transcriptomics, genomics, epigenomics, etc.) of nearly 33 cancer tissue types.
ENCODE database offers insights about the functional elements in the human and mouse genomes. Other than these
databases, we have several genome sequencing projects against various pathogenic organisms, such as NCBI viral
genome projects (Aw et al., 2014; Bao et al., 2004; Imai et al., 2018; Pillay et al., 2020), bacterial sequencing projects
like the Integrated Microbial Genome database (Markowitz et al., 2012), RefSeq Microbial Genomes database
(Tatusova, Ciufo, Fedorov, O’Neill, & Tolstoy, 2014), and TIGR Microbial database (Peterson, Umayam, Dickinson,
Hickey, & White, 2001). These resources could be beneficial in gaining insight for vaccine designing and addressing
the major challenges faced by scientists earlier.

20.9 Computer-aided vaccine development example

Here, we will briefly discuss this latest research (Kar et al., 2020) where they have utilized diverse computational meth-
ods (explained here) to develop a potential multiepitope vaccine against SARS-CoV-2 utilizing its tail spike protein.
Fig. 20.4 shows the stepwise progression used for designing the potential vaccine candidate. In this study, the authors
predicted the multiepitope vaccine candidates using viral spike glycoprotein. In general, the target proteins vary in the
case of different diseases caused by an organism and is based on their pathogenicity. The spike protein was screened
for potential TCEs (MHC class I and II binders), BCEs, and epitopes that can induce the activation of interferon-~.
These epitopes were joined using linkers and an adjuvant was also attached to boost the immune response. The 3D
structure of the final vaccine was constructed and validated using various in silico tools. Once the model was generated,
other properties, such as immunogenicity, allergenicity, and physiochemical properties, were measured. Docking studies
with various TLRs and MHC molecules were performed, and BA was computed. This was followed by reverse transla-
tion and codon optimization study. Next, MD simulation studies showed that the vaccine construct was stable. Lastly,
immune stimulation studies validate the expression of the vaccine in the bacterial host and the ability of the vaccine to



Computational approaches for vaccine designing Chapter | 20 329

Step 1: Protein Selection Target Protein Selection
(SARS-CoV-2 Spike Protein)

Step 2: Prediction Different Epitopes

S

B cell Epitope

T cell Epitope Prediction Interferon-y
(NetCTL 1.2, NetMHClIIpan Prediction
32) (IFNepitope)

Prediction
(ElliPro, IEDB

Step 3: Vaccine‘Construction | Linker Addition + Adjuvant addition

[ Vaccine Construct ]
Step 4: Model Generation and other properties
[

1
Immunogenicity 3D Structure Prediction )

A;':;ﬁ?;'f';" Prediction Allergenicity Prediction Pr';"i::"fl',':e"'d'if:i'on (trRosetta) and Validation
(Vaxi Jlen 02 0) (IEDB class I (AllergenFP, AllerTOP) P (EiP ASY) (RAMPAGE, ProSA,
- . immunogenicity) y ERRAT) )
7 ;
Step 5: Docking Studies Docking with TLRs and MHC
molecules
(HADDOCK 2.4) . .
Step 7: Immune stimulation
. . Immune Stimulation
Step 6: Molecular Dynamics Studies MD Simulation -
P Y [ (GROMACS) (C-IMMSIM)

FIGURE 20.4 Flowchart describing the in silico methods used for constructing potential vaccine candidate for SARS-CoV-2. For every process, the
name of the tools used has been mentioned in the brackets (step 2 onward).

stimulate an immune response. Fig. 20.4 provides a schematic representation of the various processes used in this study
for the multiepitope vaccine construct. It also elucidates the various computational tools used for each step used by the
authors in this study. This strategy and tools could be useful for researcher working in the vaccine design field.

20.10 Conclusion

In the 20th century modern world, life expectancy and mortality rate in any country are correlated with the availability
of vaccines for diverse infectious diseases to its resident population. Traditional approaches used for vaccine develop-
ment has been expensive, laborious, and time-consuming; moreover, for antigenically diverse pathogens, it is almost
impossible. Revolution in the NGS technologies, recombinant DNA technology, and structural modeling have exceed-
ingly catalyzed the vaccine development process, starting from epitope selection to the vaccine validation process.
Nowadays, the genomic, transcriptomic, proteomic, and metabolomic exploration of any putative pathogen allow gener-
ating innovative vaccines for age-long diseases associated with those pathogens. Novel ways of systematic studies of
diverse physio-chemo-genomic-biological aspects are enabling the researchers to correlate, extrapolate, and overlap
multiple research aspects altogether to develop a safe, fast, and accurate vaccine. Immunoinformatics, along with
computational and mathematical methods, are providing valuable information on the determination of immunogenicity
of all putative Ags and molecular interactions during Ag presentation and processing. With the availability of numerous
databases, prediction web servers, advanced algorithms, and powerful computational machines to analyze the high-
throughput data, vaccine development soon will become more accurate, reliable, safe, and effective.
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