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Abstract
Vaccines can be powerful tools, but for some diseases, safe and effective vaccines
have been elusive. New developments in nucleic acid sequencing, bioinformatics,
and protein modeling are facilitating the discovery of previously unknown antigens
through reverse vaccinology approaches. Sequencing the complementaritydetermining region of antibodies and T cell receptors allows detailed assessment of
the immune repertoire and identification of paratopes shared by many individuals,
supporting the selection of antigens that may be broadly protective. Systems
vaccinology approaches to asses the global host response to vaccination by
evaluation of differentially expressed genes in blood, cellular or tissue transcriptomes
can reveal previously unknown pathways and interactions related to protective
immunity. While it is important to remember that discoveries made through reverse
vaccinology and systems vaccinology must still be confirmed with traditional
challenge models and clinical trials, these approaches can provide new perspectives
that may help solve longstanding problems in veterinary vaccinology.
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Introduction
At its best, vaccination has substantial beneficial impact. The history of vaccination
includes notable successes, such as the eradication of smallpox in humans and
rinderpest in cattle (Greenwood, 2014). In ongoing campaigns, vaccines are used to
prevent deaths due to pathogens such as rabies virus (Fisher and Schnell, 2018),
and morbidity associated with agents such as foot-and-mouth disease virus (DiazSan Segundo et al., 2017). It is indisputable that vaccines can be powerful tools in
the promotion of animal and human health. However, it has been difficult to develop
reliable vaccines for some diseases, and vaccination has even rarely enhanced
disease (Kapikian et al., 1969). Clearly, information required to guide development of
safe and effective vaccines is sometimes lacking.
In situations where knowledge gaps impede vaccine development, approaches
leveraging new technologies that allow relatively rapid and inexpensive
determination of nucleic acid sequences or protein structure may provide the missing
insights. Here we summarize recent research using such technologies to identify
new antigens, to characterize more holistically protective host responses to antigens
and adjuvants, and to investigate adverse vaccine reactions. While much of the
available information to date comes from investigations of human vaccines, the
examples demonstrate the possibilities for answering a variety of questions relevant
to veterinary vaccinology.
Vaccine development: classical versus next generation
Classical vaccinology is a hypothesis-driven approach to laboratory testing of
pathogens that identifies antigenic components capable of eliciting protective
immunity (Moxon et al., 2019). Classical vaccinology employs a pipeline that begins
by isolating the pathogen, followed by some manner of attenuation that retains
immunogenicity, stimulates memory, and prevents pathogenicity. Subsequent
iterations of this approach have applied biochemical, serological and microbiological
methods to purify antigenic factors from both attenuated organisms and from
organisms grown in culture— a laborious approach that yields few immunogens over
very protracted time frames (Rappuoli, 2000). Clearly, classical vaccinology
approaches have been informed by insight garnered from natural infections, such as
the use of immune sera for screening candidate antigens, and recognition that
farmers previously infected with cowpox did not develop lesions following smallpox
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variolization, nearly 28 years prior to Jenner’s application of this principle in the first
vaccination (Boylston, 2013). Nonetheless, classical vaccinology relies heavily on
injection into disease surrogates (most commonly laboratory animals) in order to
identify the antigenicity of vaccine candidates and their ability to elicit a protective
immune response.
Contrasting classical vaccinology, scientific and technological advances have
ushered in a new generation of vaccinology in which candidate vaccine antigens are
computationally predicted from the DNA sequences of pathogen genomes (Capecchi
et al., 2004). Moreover, the ability of peptides from these proteins to bind MHC
molecules and become efficient T-cell epitopes; or to act as linear, conformational, or
immunoglobulin class-specific (Saravanan and Gautham, 2018; Gupta et al., 2013)
B-cell epitopes, is being predicted in silico (reviewed in Dhanda et al., 2017). Quite
significantly, antigen-specific sequences of B-cell and T-cell receptors (ie paratopes)
derived from individuals with protective immune responses are being characterized
to identify their complementary antigenic epitopes. Paralleling these technological
advances in vaccine antigen development are co-evolving technologies that are
increasing knowledge and understanding of the mechanistic basis of protective
immunity in the context of specific pathogens, as will be discussed later in this paper.
By refining candidate vaccine antigen prediction and the discernment of immune
effector pathways that confer protective immunity, next generation vaccinology
improves the efficiency with which animals are used to screen vaccine candidates for
immunogenicity and protective immune responses. Significantly, the in silico
predictive approaches, such as those used for candidate vaccine antigen prediction,
reflect algorithms that are constantly evolving. Subsequent algorithms predict
antigens that are both conserved, and novel relative to prior algorithms, while also
failing to identify previously predicted antigens (Dalsass et al., 2019). These
discrepancies, which are inherent in the approach, highlight 1) a need for
redundancy in the computational predictions employed to identify candidate vaccine
antigens, and 2) the importance of comprehensive validation of the ability of
predicted antigens to elicit protective immune responses in pre-clinical models and
ultimately in the host species for the pathogen.
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Reverse Vaccinology
Classical vaccinology successes are readily demonstrated for pathogens that lack
antigenic variability or for which immunologic memory prevents reinfection (Rappuoli,
2007). However, most pathogens do not possess these characteristics. Classical
vaccinology has proven inadequate for the development of vaccines against
pathogens demonstrating antigenic diversity, pathogens that cannot be grown in vitro
or lack adequate animal models of infection, and pathogens for which cell-mediated
immune responses are protective (Rappuoli, 2000). Certain vaccines have also
demonstrated safety issues tracing to the potential for recombination and
immunologic events that result in enhanced disease (Agnew-Crumpton et al., 2016,
Kapikian et al., 1969).
Contrasting the need for pathogen isolation with classical vaccinology, the advent of
massively parallel DNA sequencing, also termed next generation sequencing (NGS),
enabled rapid, cost-effective determination of a pathogen’s genome sequence. Using
a methodological approach coined reverse vaccinology by Rappuoli (2000), the full
repertoire of protein coding sequences (the pathogen’s proteome) is identified from
the genome sequence of the pathogen. For bacteria and more complex pathogens,
this step yields thousands of proteins, the majority of which are not relevant as
vaccine antigens. To narrow the predicted proteins to those most relevant as
candidate vaccine antigens, an expanding number of computational algorithms have
been developed that model the encoded proteins from their DNA sequences, in order
to predict characteristics of the proteins such as their 3-dimensional structure and
predicted expression sites in the pathogen. Using this approach, for instance,
proteins predicted to be secreted or exposed on the surface of the pathogen in
particular conformations, and therefore subject to immune surveillance, can be
identified and prioritized for analysis as vaccine candidates. Following this in silico
prediction, DNA sequences of these candidate vaccine antigens are compared to
genomic sequences of the host and homologous sequences with the potential to
serve as autoantigens are eliminated.
Reverse vaccinology was first applied to Group B Neisseria meningitidis, an
important cause of bacterial meningitis in humans. Whereas vaccines for other
groups of Neisseria meningitidis employ the bacteria’s capsular polysaccharide as
an antigen, this approach is complicated by conserved polysialic acid residues in the
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bacteria’s capsular polysaccharide that are shared with human tissues (Serruto et
al., 2012). Employing the genome sequence of Group B Neisseria meningitidis
(strain MC58), more than 2000 predicted proteins were analyzed in silico to identify
proteins predicted to be surface exposed or excreted (Pizza et al., 2000). Of the 570
predicted proteins, 350 were successfully expressed, purified, and used to immunize
mice. Immune sera were screened by Western blot analysis against bacterial
extracts to verify protein expression, while surface expression of the protein was
confirmed by enzyme-linked immunosorbent assay (ELISA) and flow cytometry using
intact, whole bacteria. Finally, complement-mediated killing activity of the antibodies
(using human complement) was evaluated because it is an accepted correlate for in
vivo protection in clinical trials of human meningococcal vaccines (Borrow et al.,
2006). Of the 91 proteins found to be positive in at least one of the first three assays,
28 induced antibodies with bactericidal activity (Serruto et al., 2012). Five proteins
were included in the final vaccine based on their ability to induce protection against
diverse N. meningitidis strains. This protection was assessed by determining if
specific antibodies to each protein antigen conferred passive protection in infant
rodent models, or by identifying serum bactericidal antibodies following vaccination
(Giuliani et al., 2006). The final vaccine (4CMenB, Bexsero®) was released in
Europe in 2013 (and the United States in 2015), 13 years following publication of the
pathogen’s genome sequence and initiation of the vaccine effort (Tettelin et al.,
2000).
While reverse vaccinology presents distinct advantages resulting from identification
of the complete protein repertoire of a pathogen, dependence on protein coding
sequences prevents identification of non-protein antigens such as polysaccharides,
which have been important components of many successful vaccines, and CD1restricted glycolipids which are promising vaccine candidates (Rappuoli, 2000). Also
noteworthy is the finding that certain proteins can be restrictive in terms of their
pathogen recognition and poorly antigenic (Sundling et al., 2013), challenges that
are circumvented by the use of adjuvants and construction of multi-epitope vaccines
(Burton, 2017).
In Silico Prediction of B-cell Receptor/Antibody Epitopes
The large number of candidate protein antigens identified by reverse vaccinology
presents a significant bottleneck in the screening of these antigens to determine their
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immunogenicity. Purified, full-length recombinant proteins used to elicit antibodies
are often difficult to prepare in quantities sufficient for immunization. This is
exemplified by the aforementioned screening of 570 predicted candidate vaccine
proteins, 350 of which could be expressed in developing the Group B N. meningitidis
vaccine, 4CMenB. To decrease the numbers of proteins subjected to in vivo
screening, downstream technologies have been developed to increase the likelihood
that predicted proteins from the genome sequence of a pathogen will be
immunogenic. These analyses to predict immunogenic epitopes reflect the field of
immunoinformatics that utilizes bioinformatics approaches to understand and
interpreting immunological data.
B-cells are well recognized as the source of antibodies that provide protection from
pathogens and cancerous cells. Antibodies recognize their target antigen by binding
to portions of the antigen that are termed antigenic determinants or epitopes.
Antigens generally possess many sites that function as epitopes. Regions of the
antibody to which epitopes bind are termed paratopes, which are composed of six
complementarity-determining regions (CDR) that confer antigen-specificity in epitope
to paratope binding. Immunologic dogma holds that an antibody binds to a single
epitope on an antigen, but expanding evidence indicates that some antibodies bind
to more than one epitope (Van Regenmortel, 2014). A B-cell (and its clones)
secretes, and also expresses on its surface, antibodies to the same epitope. Thus,
antibodies expressed on the B-cell surface function as receptors (B-cell receptors)
for the same epitope as the secreted antibodies. B-cell receptor stimulation by B-cell
epitopes contributes to both the development of immunologic memory and antibody
secretion. Accordingly, B-cell epitope prediction is an important goal to improve the
likelihood that candidate vaccine proteins in reverse vaccinology are immunogenic.
B-cell epitopes can be linear (continuous) or conformational (discontinuous) (Stave
and Lindpainter, 2013). Linear B-cell epitopes are formed by sequential amino acids
in the protein. Conformational B-cell epitopes are formed by amino acids that are not
sequential in the protein, but instead come into close contact to form an epitope as a
result of the three-dimensional shape of the folded protein. Tools for in silico B-cell
epitope have been reviewed elsewhere (Dhanda et al., 2017). A primary challenge
for in silico B-cell epitope prediction is that the majority of B-cell epitopes have been
shown to be conformational (Greenbaum et al., 2007; Kringelum et al., 2013;
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Ferdous et al., 2019;). Illustrating the complexity of this challenge, Stave and
Lindpaintner (2013) evaluated crystal structures from 111 antigen-antibody structures
derived from proteins 22-442 amino acids long. They identified discontinuous
epitopes that were formed from peptides ranging in length from 20 to 442 amino
acids (average 50-79 amino acids) in which 20-101 (median=37) residues were in
contact between the epitope and paratope, in clusters of 2-12 amino acids. Indeed,
in silico B-cell epitope prediction tools that are based upon protein sequence
attributes including calculations of hydrophilicity, flexibility, beta-turns, surface
accessibility, amino acid composition and amino acid cooperativeness have been
poorly predictive (Kringelum et al., 2012; Jespersen et al., 2017). Given that the
theoretical B-cell receptor repertoire is nearly unlimited (1074 possible sequences,
Saada et al., 2007), the likelihood that any surface accessible region of a protein will
have a complementary antibody conformation is rather high. Accordingly, the poor
predictive value of in silico B-cell epitope predictions is likely an inherent
characteristic of tools that are designed to comprehensively identify epitopes that are
‘potentially’ antigenic (Jespersen et al., 2019). Supporting this assertion,
conformational B-cell epitope predictions employing various artificial intelligence
platforms that are trained in a more supervised manner, using crystal epitope
structures that correspond to well characterized antibody paratopes, provide
improved epitope predictions (Dhanda et al., 2017; Jespersen et al., 2017). However,
these tools employ resolved crystal structures of target antigens that are not
generally available. Addressing and perhaps solving this conundrum, Rahman et al.
(2016) demonstrated, using a B-cell epitope prediction tool that characterizes
sequence-based protein disorder tendency (IUpred-L), that epitope prediction based
on short ≤11-aa peptides falsely classifies B-cell epitopes as non-epitopes (53%
accuracy). This is because short peptides of B-cell epitopes bind poorly. By modeling
peptides of moderate length (16-30 amino acids) epitope prediction achieved 86%
accuracy, indicating that training sets composed of appropriately sized longer
peptides are necessary for accurate in silico B-cell epitope prediction.
In Silico Prediction of T-cell Receptor Epitopes
Cell-mediated immunity is mediated by T-cells that have cytotoxic activity, ie
cytotoxic T-cells, or by helper T-cells that provide co-stimulatory signals for B-cells
and cytotoxic T-cells. Both helper T-cells and cytotoxic T-cells recognize epitopes in
a highly specific manner, due to the antigen-specificity of paratopes in their T cell

7

NGS, Bioinformatics and Protein Modeling

Woolums and Swiderski

receptors (TCRs). However, unlike B-cell receptors, TCRs recognize epitopes that
are bound to Major Histocompatibility (MHC) receptors— specifically MHC I for
cytotoxic T-cells, and MHC II for helper T-cells. MHC I receptors are expressed on
the surface of all nucleated cells whereas MHC II receptors are found on antigen
presenting cells. MHC genomic loci are among the most variable genes in mammals,
enabling great diversity in MHC molecules. In humans, where MHC expression has
been well characterized, there are at least 10,000 MHC I alleles (Robinson et al.,
2017) and 3,000 MHC II alleles (Rock et al., 2016). Individuals express 3-6 different
MHC I alleles (3 from each parent) and 3-12 different MHC II receptor alleles (Rock
et al., 2016). Each MHC allele is estimated to be able to bind 20 million (MHC I) to
200 billion (MHC II) epitopes (Rock et al., 2016). Interaction between the T-cell
receptor paratope and peptide bound to an MHC receptor confers antigen-specific
recognition. A primary challenge for in silico TCR epitope prediction is evident in the
possible combinations that are generated when MHC diversity is considered with the
potential diversity in the antigen recognition regions of TCRs (ie TCR paratopes).
Approaches to in silico T-cell epitope prediction can be direct or indirect. Direct
prediction targets identification of epitopes that bind to TCRs, while indirect
prediction targets identification of epitopes that bind to MHC receptors. Indirect T-cell
receptor epitope prediction is based on peptide binding to a groove within both MHC
I and MHC II molecules in which peptides are maintained predominantly in an
extended conformation (Madden, 1995). Early direct prediction algorithms were
based upon structural analyses of helper T-cell epitopes that indicated these
epitopes were amphipathic with helical turns (DeLisi and Berzofsky, 1985; Margalit et
al., 1987; Stille et al., 1987). Subsequently, these finding were extended to cytotoxic
T-cell epitopes (Reyes et al., 1988). However, additional investigations of the MHC II
peptide binding groove demonstrated that it cannot accommodate helices, but
instead binds to linear peptides (Stern et al., 1994).
MHC I molecules load peptides generated by proteasomal proteolysis, binding to the
peptides in the endoplasmic reticulum (ER), after the peptides are translocated from
the cytosol (Blum, et al., 2013). The peptide-binding groove of MHC I molecules is
closed at both ends and accommodates peptides that are typically 8 to 11 amino
acids long (Rammensee et al., 1995). N- and C-terminal ends of the peptide form
hydrogen bonds with amino acids that are conserved across MHC I molecules, and
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the peptide-binding groove contains deep binding pockets with tight physicochemical
preferences (Madden, 1995). Collectively, these features enable binding predictions.
MHC II bound epitopes classically result from cleavage of pathogen proteins to
peptides in the endolysosome of antigen presenting cells, followed by association of
peptide epitopes with MHC II molecules exiting the Golgi. Peptides bind to an MHC II
binding groove through a series of hydrogen bonds in sites that are highly conserved
within the MHC II molecule, despite differences in peptide epitope sequences and
MHC proteins (Stern et al., 1994). This confers a stereotyped but complex mode of
binding across the spectrum of peptide-MHC II interactions that informs in silico
prediction algorithms for MHC II binding epitopes. An important distinction between
MHC I and MHC II molecules is that the binding groove for MHC class II is open at
both ends (Painter and Stern, 2012). The option for bound peptide to protrude from
the MHC molecule makes in silico MHC II binding prediction more difficult
(Lundegaard et al., 2010). As a consequence of the extension beyond the groove,
peptides that bind MHC class II molecules tend to be of variable length but are
typically 12 to 25 amino acids long (Jardetzky et al., 1996).
Computational tools that predict peptide binding to MCH molecules are predicated
on the availability of high-quality DNA sequence data for MHC alleles that are highly
prevalent in the population that will be vaccinated. In humans >22,000 human MHC
allele sequences have been deposited into the Immuo Polymorphism MHC
Database (www.ebi.ac.uk/ipd/mhc/). In contrast, there are significantly fewer
classical MHC alleles in this database for the horse, sheep, dog, pig and cow:
currently 60, 247, 384, 450 and 678, respectively. MHC allele expression is vastly
different across human ethnic groups (Terasaki, 2007), limiting world-wide
application of T-cell epitope-based vaccination. This is relevant for veterinary
medicine where the diversity and prevalence of MHC alleles within each species
tends to be poorly characterized. Vaccines derived from MHC-peptide binding
predictions are efficacious in individuals that express the MHC allele used for the
epitope prediction. In pigs and cattle, where MHC allele expression is more likely to
be defined within large portions of the population, these prediction methods are
being applied. In this regard, MHC alleles have been identified in humans and cattle
that share a high degree of epitope specificity (Lund et al., 2004; Pandya et al.,
2015). These MCH supertypes enable T-cell epitope vaccines to address large
populations with diverse MHC expression based upon expression of at least one
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allele in the supertype. Accordingly, prioritizing the identification of MHC supertypes
in species with highly polymorphic MHC molecules has particular advantages for
vaccine design.
Structure based methods are available for predicting peptide binding to MHC
complexes but these methods have low predictive performance (Nielsen et al.,
2018). In contrast, matrix-based predictions and machine learning technologies that
employ protein sequences as input and are trained on known MHC-peptide
interactions have improved predictive performance (Mei et al., 2019; Nielsen et al.,
2018). Few of these tools have been validated on veterinary species. However,
NetMHCpan employs artificial neural networks that have been trained through
multiple iterations on peptide-MHC I affinity measurements from human, mouse,
primates, cattle, and swine, as well as ligands and their complementary MHC I
alleles from these species (Hoof et al., 2009; Carrasco Pro et al., 2014; Jurtz et al.,
2017; Hansen et al., 2014). NetMHCpan can predict peptide-MHC class I binding for
any allele of known sequence. Nine of 19 MHC I binding epitopes predicted by this
tool for foot and mouth disease virus (FMDV, >1400 possible peptides) bound to pig
MHC I (i.e. SLA) (Pedersen et al., 2013). A web interface of NetMHCpan that is
specifically trained for identifying MHC I restricted peptides in cattle is available
(Nielsen et al., 2018). This tool has been used to identify MHC I-peptide binding for
FMDV (Pandya et al., 2015), bovine herpes virus, and Theileria parva, the causative
agent of East Coast Fever (Nielsen et al., 2018; Svitek et al., 2014). An alternative
proprietary prediction tool for MHC I and MHC II peptide binding, PigMatrix, is based
on the pocket method of MHC I-peptide binding, and has been used to identify T-cell
vaccine epitopes to for influenza virus (Gutiérrez et al., 2015; Hewitt et al., 2019).
Additional Antigen Selection Criteria Employed in Reverse Vaccinology
RNA-sequencing (RNAseq) is a technology that both identifies and quantifies RNA
sequences that are expressed within a biological sample. In one embodiment of its
utility for candidate vaccine antigen identification, RNAseq has been used to quantify
the level to which in silico predicted vaccine candidates are expressed (as mRNA) by
the pathogen. This can be done for instance during conditions of natural infection, or
during surrogates of natural infection such as low pH or osmotic stress, as would be
anticipated in the phagosome. These results are then informative in ranking the in
silico predicted vaccine candidates based upon the relevance of their expression
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levels. Similarly, proteomic analysis, which identifies the proteins that are expressed
and their magnitude of expression can also be employed to quantify expression of
putative vaccine peptide epitopes in order to assist in ranking their relevance.
Reverse Vaccinology for Veterinary Pathogens
Employing a pathogen’s genome sequence to predict vaccine epitopes using reverse
vaccinology presents distinct advantages over classical approaches. This approach
has enabled vaccine design in for problematic pathogens that cannot be cultivated.
Such is the case for Pajaroellobacter abortibovis, the causative agent of foothills
abortion in cattle, which can only be cultivated in SCID mice (Blanchard et al., 2010).
Using a reverse vaccinology approach, Welly et al. (2017) first determined the
genome sequence of the pathogen by sequencing DNA from infected SCID mice.
Computational methods were used to subtract the well-characterized genomic
sequences originating from the SCID mice, leaving the remaining genomic regions
belonging to P. abortibovis. DNA regions belonging to P. abortibovis were then
arranged into a complete de novo genome sequence from which the authors
identified 10 putative vaccine candidates using in silico prediction. Seven of these
predicted proteins, when expressed as fusion proteins, were recognized by serum
from P. abortibovis infected SCID mice, indicating that the proteins could be relevant
to protective immunity.
In other research, a reverse vaccinology approach was recently used to identify cat
flea (Ctenocephalides felis) surface antigens predicted to be immunogenic. When
the antigens were incorporated into experimental vaccines given to cats, flea eggs
collected from vaccinated cats were significantly less likely to hatch (P < 0.05), as
compared to flea eggs collected from cats receiving adjuvant only (Contreras et al.,
2018). Tomazic et al. (2018) used reverse vaccinology to identify antigens of
Cryptosporidium parvum that reacted with antibodies in serum collected from
Cryptosporidium-infected calves in the first month of life, indicating that the antigens
could be associated with protection at the time when calves are most vulnerable to
diarrhea resulting from cryptosporidiosis. In both of these examples reverse
vaccinology allowed rapid screening of a large number of candidate proteins to
identify antigens which might have been overlooked in classical approaches using
whole pathogens or their components to induce immunity with experimental
challenge.
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Reverse vaccinology also presents advantages when dealing with pathogens that
exhibit antigenic diversity. For instance, the DNA from multiple strains of a given
bacterial species, termed a pangenome, can be simultaneously analyzed to allow in
silico prediction of shared epitopes. This approach was used to identify T cell
epitopes in antigens shared among 30 Acinetobacter baumannii strains, with a goal
to developing effective vaccines for this bacterial pathogen that demonstrates
widespread resistance to antimicrobials (Hassan A et al., 2016). Also relevant is the
case of many RNA viruses where host selection pressure drives gene mutations that
contribute to antigenic diversity. For example, sequencing of variable regions in
nonstructural proteins 1 and 2 (nsp1 and nsp2) and the products of open reading
frame 3 and 5 (ORF3 and ORF5) in pigs infected with porcine reproductive and
respiratory syndrome virus (PRRSV) revealed genetic changes related to virus
rebound at 42 days post infection (Chen et al., 2016). Improved understanding of the
mechanisms by which PRRSV escapes host immunity could facilitate development
of vaccines that more effectively prevent infection.
Epitope-Focused Vaccine Design
Whereas massively parallel DNA sequencing provided a gateway to reverse
vaccinology, it is now possible to identify the breadth of the immune repertoire by
sequencing DNA encoding antibody and T-cell receptors (TCR) from hundreds of
thousands of individual immune cells (single cell sequencing) (Davis and Boyd,
2019). Further, sequencing and quantification of RNA sequences that encode
antibody and TCRs from large populations of immune cells can be used to identify
changes in immune repertoire expression during responses to vaccination (DeKosky
et al., 2013; Waickman et al., 2019) or infection (Sant et al., 2018; Mitsunaga and
Synder, 2020). Epitope-focused vaccine design (subsequently coined Reverse
Vaccinology 2.0 (Rappuoli et al., 2016), refers to the design of vaccine epitopes that
bind to paratopes on an antibody or on a T-cell receptor that are known to confer
protection during infection (Correia et al., 2014; Sela-Culang et al., 2015). Prediction
of complementarity between an antigen epitope and an antibody paratope differs
significantly from predicting B-cell epitopes. This is because prediction of epitope/
paratope complementarity is constrained by stringent epitope/paratope interactions,
while only surface accessibility constrains B-cell epitope prediction and accordingly
yields a large number of protein sequences (Novotný et al., 1986).
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Epitope focused vaccine design can be viewed in four stages, with different
methodological approaches being available to address each stage. First, individuals
are identified that have protective immune responses to a pathogen, such as broadly
neutralizing antibodies, bactericidal antibodies, or antigen-specific helper T-cell or
cytotoxic T-cell responses. Second, B-cells or T-cells with paratopes that confer the
desired immunologic outcome are isolated and the paratope sequences are
determined. Third, structural features of the cloned paratopes are computationally
modeled in order to predict the structure of the corresponding antigen epitope.
Fourth, immunological testing and validation of the predicted antigen epitope is
undertaken. In one embodiment of this approach, antibodies providing the majority of
virus neutralizing activity for human respiratory syncytial virus were critical to the
identification of an antigenic but transient fusion protein conformation. By inserting
point mutations that stabilized the fusion protein structure, the antigen has been
advanced as a vaccine candidate that has been effective in clinical trials (Magro et
al., 2012; Gilman et al., 2016; Crank et al., 2019). Alternatively, in silico co-modeling
of CD4+T-cell receptor and MHC II sequences from human patients with latent
tuberculosis, who were vaccinated with M. tuberculosis peptides, identified vaccine
epitopes that triggered CD4+ T-cell responses (Dash et al., 2017). While this
approach has theoretical strength for identifying key protective antigens, its primary
drawback is the resolution of only a portion of the full repertoire of epitope-specific
antibodies and T-cell receptors, which limits comprehensive characterization of
antigen-specific immune effector mechanisms.
Assessment of the host response: “systems vaccinology”
An effective immune response is the result of the choreographed interaction of
thousands of molecular or cellular reactions which may be separated in the host by
the distance of a meter or more. As the number of recognized components
participating in the immune response has grown, it has become obvious that
historical approaches to measuring immunity, which often focused only on serum
antibody or a few cellular reactions, missed much of the picture. While for some
applications one or a few signature responses may provide enough information, in
cases where the nature or mechanics of a protective response are unclear, a more
detailed portrait may be informative. This is the premise of “systems vaccinology”:
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development and assessment of vaccines with more of the immune response in
view.
Systems vaccinology can be considered a branch of systems biology, in which
interdisciplinary approaches are used to characterize the complex networks within a
biological system, in order to better understand and predict the behavior of the
system (Pulendran et al., 2010). A systems biology assessment evaluates all parts of
a system responding to some perturbation, analyzing the results together in order to
develop a model that more accurately represents the nature of the whole. Systems
vaccinology approaches can reveal the involvement of formerly unknown genes and
pathways related to the response to a vaccine; thus, these methods are being
applied to identify correlates that predict protective immunity, to reveal mechanisms
of vaccine or adjuvant efficacy, and to uncover factors contributing to adverse
vaccine reactions.
In spite of the potential of systems vaccinology, the use of this approach may be
limited by the high cost of RNAseq or other required technologies, which may
substantially limit the number of individuals that can be evaluated, thus weakening
study power. The complications of analyzing massive data sets is also a formidable
hurdle. It is also important to remember that the findings of a systems vaccinology
investigation must still be confirmed with prospective investigations requiring use of
more classical methods. Therefore, systems vaccinology should be considered a
complement to traditional vaccinology, and not a replacement.
Predicting protective immunity induced by vaccination
While some vaccines are reliably protective, many are not. Moreover, the correlates
of protective immunity are known and can be measured for some vaccines, but they
are not clear for others. And, at times, immune responses that are assumed to be
important are not identified in vaccinated patients that are nevertheless protected. In
cases such as these, a global assessment of the immune response may help to
reveal unknown but important mechanisms. In most cases to date this global
systems vaccinology assessment has been made by assessing gene expression in
blood or other tissue, by measuring hundreds or thousands of transcripts, most
commonly using microarrays or, more recently, high throughput RNAseq. In humans
and livestock, blood or peripheral blood mononuclear cell (PBMC) transcriptomes
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have been assessed, because blood is usually easy to collect, and also because
lymphocytes and antigen presenting cells traffic through blood during their response
to vaccination at various sites. Increased gene expression over baseline in whole
blood or PBMC can sometimes be seen within 24 hours of vaccination (Vahey et al.,
2010), with expression at 24 hours sometimes significantly associated with outcomes
weeks later (Matthijs et al., 2019). Transcriptomes in tissues collected from
vaccinated animals subjected to necropsy at various times after vaccination or
challenge have also been used to investigate vaccine responses (Luo et al., 2014; Li
et al., 2020).
An early application of systems vaccinology was used to characterize the response
of humans vaccinated with the yellow fever vaccine YF-17D (Querec et al., 2009).
While YF-17D has been administered for decades and is highly effective, the
reasons for its efficacy are still not clear. To improve understanding of the
immunologic mechanisms elicited by YF-17D vaccination, Querec et al. investigated
post-vaccination changes in plasma cytokines, chemokines, blood antigen
presenting cells, and expression of 20,000 genes in peripheral blood mononuclear
cells (PBMC) by microarray over the first 21 days after vaccination in 15 individuals.
These early events were compared to correlates of later protective immunity: SN
titers and CD8+ (cytotoxic T cell) activation at days 15 and 60 after vaccination.
Following vaccination, early events including increases in CXCL10 (previously
IP-10), IL-1α, and the percent of circulating CD86+ antigen presenting cells were
identified, but these events were not correlated with CD8+ responses at 60 days
post vaccination. In contrast, when 839 genes that correlated to the magnitude of
day 60 CD8+ responses were subjected to unsupervised principal component
analysis (PCA) followed by discriminant analysis using mixed integer programming
(DAMIP), predictive relationships between PBMC gene expression and day 60 CD8+
responses were identified. PCA is a statistical procedure commonly employed in the
analysis of gene expression datasets which is sensitive to strong patterns of
expression that are shared across samples. PCA uses an orthogonal transformation
to convert expression data into a set of values of linearly uncorrelated variables
called “principal components”. DAMIP is a predictive modeling framework that uses a
supervised-learning classification approach used to predict biomedical phenomena.
When the investigators repeated this analytic approach in a second group of
vaccinated individuals, the results predicted day 60 CD8+ responses with 87%
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accuracy. Similarly, the investigators were able to predict SN responses in the
second group of vaccinates with 80% accuracy.
In a greatly expanded effort, this group went on to evaluate the relationship between
the PBMC transcriptome in the week after vaccination and protective immunity
induced by each of five vaccines: two meningococcal vaccines, YF-17D, a trivalent
inactivated influenza vaccine, or a live-attenuated influenza vaccine (Li et al., 2014).
For each vaccine, established correlates of immunity (such as serum antibody titers)
were measured in vaccinated human subjects, and correlations with genes that were
differentially expressed between baseline and the week after vaccination were
assessed. For subjects vaccinated with one of the two meninogococcal vaccines,
1,150 genes were differentially expressed between the day of vaccination and day 7
postvaccination. Importantly, the research showed that evaluation of the correlation
between individual differentially expressed genes (DEG) and protective antibody
titers led to few significant and meaningful relationships. However, when DEG were
grouped into blood transcription modules (BTM), based on shared functions and
previously described interactions, BTM were significantly associated with protective
responses to all five of the vaccines evaluated. Notably, some BTM significantly
associated with protective responses to viral vaccines were different from the BTM
significantly associated with protective responses to bacterial vaccines. It seems
likely that assessment of gene expression by evaluating genes together in functional
groups or pathways, rather than individually, may provide a more accurate picture of
the host response to vaccination. Also, evaluating the response of groups of genes
with coordinated expression may reveal significant changes when change in
expression of any one gene may be too small to detect (Haining 2014).
The BTM developed by Li et al. were later used to evaluate early immunologic
events in pigs responding to five different Mycoplasma hyopneumoniae vaccines
(Matthijs et al., 2019). These investigators identified an early upregulation of
modules associated with innate immunity, including monocyte and neutrophil
function, as well as inflammation and pathogen sensing within 24 hours of
vaccination, which correlated to adaptive immune responses to M. hyopneumoniae
at later time points. Significantly, pigs demonstrating increased expression of genes
in these innate immune modules more than 24 hours following vaccination had
weaker adaptive responses than early responding pigs. Collectively these findings
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indicate that the best adaptive immune response to M. hyopneumoniae vaccination
was associated with increased gene expression that supports innate immunity in the
first 24 hours after vaccination, followed immediately by decreased expression.
Researchers have subsequently used similar methods to characterize the response
to other veterinary vaccines, for example, in German Landrace pigs and Pietrain pigs
vaccinated against porcine respiratory and reproductive syndrome virus (PRRSV;
Islam et al. 2019), in carp vaccinated orally with a DNA vaccine against Vibrio
mimicus (Li et al., 2020), and in horses vaccinated against African horsesickness
virus (Pretorius et al., 2016). However, to date relatively few groups have used blood
transcriptome assessment developed in one cohort to predict vaccine efficacy in
another cohort. Accurate and rapid prediction of vaccine efficacy in populations,
without the need to wait to assess response to disease challenge, is a major goal of
systems vaccinology. Ideally, findings initially made in relatively small groups with
expensive and complicated transcriptomics could be adapted to a rapid, inexpensive
test, perhaps based on PCR or sequencing of a small number of transcripts, that
could be applied to larger populations.
More recently, whole blood and PBMC transcriptome data has been used to identify
gene expression signatures that predict antibody responses in young (<35 years)
and aged (>60 years) human cohorts following influenza vaccination in different
regions of the United States over multiple years (HIPC-CHI Signatures Project Team
and HIPC-I Consortium, 2017). These investigators identified high and low antibody
responders based on changes in their serum antibody titers (hemagglutination
inhibition or SN) following vaccination. By evaluating changes in the expression of
more than 32,000 genes in response to vaccination, a “response score” based on
expression levels of 9 differentially expressed genes (DEG) or 3 DEG modules
(similar to the BTM of Li et al., 2014) was identified which differentiated high versus
low antibody responders in young but not aged cohorts. Significantly, the response
score accurately predicted individuals that were high or low antibody responders
when applied to a separate young vaccination cohort. While these investigators
successfully used blood transcriptome data from one cohort of vaccinates to predict
protective responses in a second cohort, their work also illuminated limitations of the
systems vaccinology approach: 1) multiple cohorts were needed to identify the DEG
that predicted SN antibody responses because there was too much variability in any
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one cohort to find this relationship; and 2) the validity of the findings was dependent
on the population structure of the discovery cohort. Specifically, the DEG that
predicted SN antibody responses were valid for individuals under 35 years of age,
but not for individuals over 60 years of age. In fact, there was an inverse relationship
between gene expression associated with SN responses in young individuals versus
older individuals, indicating that gene expression signatures that were positively
associated with SN antibody titers following vaccination in young individuals were
negatively associated with SN antibody titers following vaccination in old individuals.
While this is likely an important finding, the results indicate that it may not be
possible to extrapolate gene expression profiles from one type of population to
another. Moreover, it may be necessary to assess blood transcriptomes in large
numbers of individuals, or in multiple smaller cohorts, to identify meaningful
predictive signatures. Though achieving populations of this magnitude may limit
similar applications in veterinary research, advances in technology that have
decreased the costs of assessing a transcriptome are likely to make these
applications increasingly accessible.
Mechanisms of vaccine and adjuvant efficacy
In addition to identifying genes, gene modules, or pathways of molecular interactions
that predict vaccine efficacy, systems vaccinology approaches can reveal previously
unknown components or mechanisms related to vaccine or adjuvant efficacy, or
immunity more generally. When differential expression of dozens or hundreds of
blood or PBMC transcripts is associated with a favorable response to a vaccine,
some of these transcripts may be from genes that are poorly characterized, or
perhaps unexpected. Further investigation of these genes in association with more
classical methods to assess immunity and disease resistance can lead to discovery
of relevant new mechanisms (Hagen and Pulendran, 2019). For example, the finding
that expression of Toll-like receptor 5 (TLR5, a pathogen recognition receptor that
binds bacterial flagellin) was associated with influenza antibody titers a month after
vaccination (Nakaya et al., 2011) directed further research leading to the discovery
that flagellin activates production of B-cell growth factors by macrophages.
Moreover, treatment of mice with antimicrobials to decrease gut bacteria (a large
source of flagellin exposure for local immune cells) led to decreased antibody
production following vaccination with inactivated influenza vaccine, but not modified
live vaccine (Oh et al., 2014). Collectively, these findings indicate that the normal
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intestinal flora may act as a sort of “endogenous adjuvant” for individuals vaccinated
with certain vaccines. Further research in this area may lead to ways to improve
response to vaccines by modifying the normal intestinal flora, or perhaps by cotreatment with probiotics. These findings also illustrate how investigation of an
unexpected molecular interaction identified by a systems vaccinology approach led
to discovery of a new concept in immune system regulation that is directly relevant to
vaccine efficacy.
Though adjuvants have been used for over a century to improve response to
vaccines, the exact immune mechanisms by which adjuvants exert their effects is
surprisingly ill-defined. Systems vaccinology approaches present an opportunity to
identify the genes and molecular pathways responsible for adjuvant effects. This
approach has been described for adjuvants containing different cationic lipids or Tolllike receptor ligands in experimental M. hyopneumoniae vaccines (Mattijis et al.,
2019). In these experiments, cationic lipid adjuvants, which were associated with the
highest serum antibody titers post vaccination, induced rapid but transient
upregulation (generally limited to the first day after vaccination) in blood transcription
modules related to myeloid cell activation in vaccinated pigs.
Investigation of adverse vaccine reactions
Just as systems vaccinology approaches can be used to reveal genes or pathways
associated with the response to a vaccine or adjuvant, they can also be used to
dissect adverse vaccine responses, in order to prevent them (Gonzalez-Dias et al.,
2020). To investigate the mechanistic basis of bovine neonatal pancytopenia, an
adverse reaction linked to cattle vaccinated with inactivated bovine viral diarrhea
virus (BVDV) vaccines, Demasius et al. (2013) analyzed whole blood transcriptome
of vaccinated cattle. Perhaps surprisingly, the analysis identified evidence of a
coordinated response to double stranded RNA, but not, as expected, to alloantigens.
The investigation also led to the discovery of a gene for an apparently novel
cytokine, which was strongly upregulated in vaccinated cattle. Together these
findings provided evidence of unexpected aspects of the pathogenesis of neonatal
pancytopenia, although further research will be necessary to establish the
significance of these findings.
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Systems vaccinology, summary
The immune response to a vaccine is the result of coordinated interaction of
thousands of events. Given this situation, it is perhaps not surprising that research
focused on a handful of molecules or cells sometimes fails to explain why a vaccine
induces--or fails to induce--protection. Global assessment of gene activation in blood
or other tissues through assessment of the transcriptome can provide new insights
regarding mechanisms of vaccine efficacy. While reports to date have rarely
combined assessment of the transcriptome with protein and metabolite expression
(the “proteome” and the “metabolome”), as technology progresses and costs
decrease, the simultaneous assessment of these components may provide yet more
useful information. Currently such multi-modal approaches are limited by the cost or
technical demands that limit the number of individuals that can be studied, and thus
limit the power and generalizability of the research. However, given that the price of
nucleic acid sequencing has steadily decreased since the discovery of DNA, it is
likely that the limits due to cost will eventually be lifted. Continued advances in the
field of bioinformatics should also improve the feasibility of systems vaccinology
approaches. Used in tandem with classical methods to confirm new discoveries,
systems vaccinology has clear potential to support the development and delivery of
safer and more effective vaccines.
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