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Abstract 
DNA vaccination represents a new milestone in 
our technological efforts to avoid infectious 
diseases. Although this method of vaccination 
has had success in providing protection in 
animals, these vaccines suffer from low 
immunogenicity in humans. Questions remain 
over the molecular mechanism of DNA vaccinat-
ion, the best ways in which to safely increase 
vaccine reactogenecity, and what biomarkers 
can be used as correlates of protection. Systems 
vaccinology, which utilizes modern experimental 
and computational approaches to provide an 
integrated view of the vaccination process, offers 
the potential to answer these questions. In this 
review we discuss the current tools utilized in 
systems vaccinology, the ways in which they 
have and can be applied to DNA vaccinology, 
and challenges faced in the field.  

Introduction 
Ever since the remarkable work of Edward 
Jenner over 200 years ago, scientists have 
developed increasing sophistication in their 
methods to prevent disease. These advances 
have been driven by new technologies and the 
increase in our understanding of molecular 
biology (Plotkin, 2014). DNA vaccines, termed 
the “third generation” of vaccines, represent a 
new milestone in our ability to understand and 
utilize biology in order to yield a protective 
response against pathogens (Hasson et al., 
2015). This was greatly demonstrated in a recent 

study where DNA vaccinated mice were 
challenged with 2 strains of Zika virus related to 
neurological damage development (Larocca et 
al., 2016). The administration of a single-dose 
DNA plasmid encoding Zika prM and Envelope 
sequences has protected mice of having viremia 
detected in the plasma after challenge with Zika 
virus (Larocca et al., 2016). However, despite 
some success in animal studies, DNA vaccines 
suffer from low immunogenicity in humans and 
usually require the use of an adjuvant to be 
effective. Also, there are safety concerns over 
the potential of immunizing DNA being incorpor-
ated into the host genome. Additional strategies 
may contribute to improve immunogenicity, such 
as codon-optimized sequences, RNA structural 
design and delivery systems (reviewed by 
Kutzler and Weiner, 2008). 

Many challenges continue to hinder our efforts to 
provide effective vaccines, including DNA 
vaccines. A common theme to these difficulties 
facing vaccinology is the lack of mechanistic 
understanding of vaccine-induced immunity. 
Vaccines have historically been designed in an 
empirical nature, where it is unknown what 
antigens should be incorporated to maximize 
their immunogenicities. It is also unknown what 
biomarkers should be designated as the immune 
correlates of protection to measure the efficacy 
of vaccines (Nakaya and Pulendran, 2015).  

While there has been great success in 
combating polio and smallpox, the attempts in 
eradicating many epidemics, such as HIV, 
tuberculosis, malaria and dengue through 
vaccines have failed. The principle behind DNA 
vaccination is to insert a pathogen-specific DNA 
coding sequence into subjects so that they can 
express that gene, eliciting adaptive and 
humoral long-lasting protective responses. For 
this, DNA vaccines need to be sensed (innate 
immune response) and processed for antigen 
presentation (adaptive immune response).  
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Initially, it was believed that such responses 
were triggered by the stimulation of Toll-Like 
Receptor 9 (TLR9). This pathogen recognition 
receptor (PRR) recognizes CpG motifs, which 
are present in the backbone of vaccine-
containing plasmid DNA. Upon binding to CpG, 
TLR9 would trigger an intracellular signaling 
cascade, resulting in cell activation and cytokine 
production. However, there is strong evidence of 
TLR9-independent pathways also involved with 
immunity induced by DNA vaccines. In fact, 
plasmid DNAs are sensed mainly by Tank-
binding kinase 1 (TBK-1) (Ishii et al., 2008) and 
stimulator of interferon genes (STING) (Ishikawa 
et al., 2009). During the innate immune 
response, both TBK-1 and STING proteins are 
translocated to the endoplasmic reticulum (ER), 
where they associate with SEC5 vesicles. This 
association leads to the phosphorylation of 
interferon-regulatory factors, such as IRF3 and 
IRF7, resulting in the production of type I IFN 
cytokines (Ishikawa et al., 2009). That pathway 
seems to be critical to the immunogenicity of 
DNA vaccines. After the administration of 2 
doses of DNA vaccine encoding LacZ or 
Ovalbumin respectively, TBK-1 or STING 
deficient mice showed lower antigen-specific IgG 
titers and CD4+ and CD8+ T cell responses 
compared to wild type mice (Ishii et al., 2008; 
Ishikawa et al., 2009). Similar findings were 
found for TNF-alpha or IFNAR2 deficient mice 
(Ishii et al., 2008; Ishikawa et al., 2009).  

TRIM56, DDX41, RIG-1, AIM2 and cGAS 
proteins can also sense DNA, but the innate 
immune responses induced by them involve 
different mechanisms (Saade & Petrovsky, 2012; 
Kobiyama et al., 2013; Coban et al., 2013). 
Regarding the adaptive response, DNA vaccine 
antigens are mainly expressed by keratinocytes, 
myocytes and dendritic cells (DCs) after 
vaccination. As keratinocytes and myocytes 
express only MHC class I molecules, CD4+ T 
cells are barely activated, hampering the B cell 
response (Nchinda et al., 2008; Kutzler and 
Weiner, 2008). To avoid that issue, keratinocytes 
and myocytes can transfer the expressed 
proteins to dendritic cells (DCs) through cross-
presentation. Thus, DCs can process those 
proteins in peptides as well as to migrate to 
secondary lymphoid organs, where they present 
those epitopes to T cells in the context of MHC 
class I and II molecules. In this case, B cells are 
also activated and antigen-specific antibodies 
are produced (Nchinda et al., 2008).  

Modern technologies have the potential to 
assess the safety, immunogenicity and efficacy 
of DNA vaccines. Immunologists have now high-
throughput technologies at their disposal, 
allowing biological systems to be examined with 
unprecedented scale and detail. These 
technologies have revolutionized our conceptual-
ization of biology; rather than identifying the 
components of biological systems, it is now 
possible to take a systems biology approach and 
consider the interactions between genes, 
proteins and the biological environment (Kitano, 
2002; Kohl et al., 2010). Systems vaccinology 
applies methods of systems biology to enable 
the rational, and mechanistic design of vaccines 
(Nakaya and Pulendran, 2015; Hagan et al., 
2015). These approaches also allow the 
identification of biomarkers that correspond to 
immunogenicity and reactogenicity. These have 
the potential to speed up the vaccine 
development process, since these biomarkers 
can be detected before the more latent 
immunological responses (i.e. antibody titers or 
CD8 T cells) appear. 

In this review, we will begin by discussing the 
experimental and computational methods utilized 
by a ‘systems vaccinologist’. We will then focus 
on the potential these methods hold for DNA 
vaccinology, including the development of 
insights into the mechanism of vaccines, the 
identification of relevant adjuvants and the 
performance of safety assessments. We will 
finish with the challenges faced in this field and 
future prospects. 

Modern technologies enable a holistic 
description of the immune system 
Advances in technology have revolutionized the 
way biological systems can be explored. Modern 
immunologists have an arsenal of high-
throughput tools available that enable the 
acquisition of data on genes (genome), sets of 
transcripts (transcriptome), proteins (proteome) 
and metabolites (metabolome). Mathematical 
and computational tools have been developed to 
analyze and interpret the multi-dimensional 
datasets generated by these methods. 

The workflow for a systems vaccinology 
experiment involves perturbing a biological 
system through the introduction of a vaccine and 
collecting “omic” data over different time points 
(Querec et al., 2009). The resulting datasets are 
integrated using computational and mathe-
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matical techniques to identify the genes and 
pathways that are activated in response to 
vaccine administration. Importantly, the results 
derived from systems analyses must be able to 
drive hypotheses that can be tested experi-
mentally. 

The sets of genes that are perturbed during the 
course of vaccination can correspond to 
immunological signatures that demonstrate the 
“flavor” of host response. These signatures can 
help to explain the mechanism of action of the 
vaccine. Furthermore, transcriptional signatures 
that correlate to vaccine immunogenicity and 
protection can reveal the mechanisms by which 
later memory T cell and antibody responses are 
generated. This could be useful for rapidly 
assessing the immune responses of not only 
young adult vaccinees (Nakaya et al., 2011) but 
also immunocompromised individuals, babies 
(Nakaya et al., 2016) and the elderly (Nakaya et 
al., 2015). Transcriptomic methods can also be 
useful for identifying reactogenicity signatures 
prior to the manifestation of more severe clinical. 
Furthermore, these signatures can speed up 
vaccine trials and inform vaccine formulation and 
delivery methods. 

In this section, the experimental, mathematical 
and computational technologies that enable the 
detection of immunological signatures are 
described. 

High-throughput technologies 
Most systems vaccinology experiments to-date 
have investigated the transcriptome changes 
induced by vaccination (Nakaya et al., 2015). 
The growth in the field of transcriptomics has 
been enabled by the decrease in cost in next-
generation sequencing. The most powerful of 
these methods is RNA-Seq, which attempts to 
detect the levels of all expressed genes in a 
system at a given moment in time. In this 
method, the population of RNA from a tissue 
sample is converted to a library of shorter 
complimentary DNA (cDNA) fragments. Sequen-
cing adaptors are then added to each end of 
these fragments and subsequently they are 
sequenced with deep-sequencing technologies. 
The resulting sequences can be aligned to 
reference genomes or they can be assembled 
independently (Wang et al., 2009). The more 
traditional method to analyze the transcriptome 
is through microarrays. With this method, RNA is 
converted to cDNA and these fragments are 

hybridized to the corresponding probes. 
Microarrays are generally more popular than 
RNA-Seq because they are high throughput and 
inexpensive. However, they are also noisy, 
especially when the expression level of genes is 
low (Zhao et al. 2014). RNA-Seq also has the 
benefit of being able to detect variants in 
sequence. This is especially relevant for 
immunological assays that seek to detect HLA 
and TCR polymorphisms (Nakaya et al., 2012). 

Interactions between proteins with transcription 
factor binding-sites can be obtained through 
chromatin immunoprecipitation-seq (ChIP-seq). 
In this method, transcription factors bound to 
DNA are immunoprecipitated and the DNA is 
then sequenced (Raha et al. 2010). Other 
advances in technology include improvements in 
the cost and speed of DNA sequencing. This has 
allowed researchers to identify polymorphisms 
that are relevant to disease (Soon et al., 2013). 
Of particular relevance to vaccine design is HLA 
genotyping, which allows the binding affinity of 
immunogenic peptides to a diverse spectrum of 
HLA to be predicted (Newell et al., 2013). 

High resolution mass spectrometry has been 
harnessed to conduct proteomics and metabol-
omics, as well as probe single cells with mass 
cytometry (CyTOF). CyTOF uses the same 
workflow as flow cytometry except antibodies are 
tagged with metal isotypes. This allows a greater 
number of proteins to be stained for (Bendall et 
al., 2012; Newell et al. 2013; Legat et al. 2015). 
In addition to these modern technologies, the 
traditional methods used in immunological 
studies such as ELISA, ELISPOT, RT-PCR and 
flow cytometry are still necessary. They offer a 
correlate for results derived from systems 
analyses and can also be used to test the 
predictions powered by systems approaches 
(Nakaya et al. 2012). 

Mathematical and computational technologies 
The rich datasets generated by high-throughput 
technologies cannot be analyzed by human 
intuition alone, but require the application of 
novel mathematical and computational tools. The 
challenge to analyzing omic data is that the 
cellular machinery that interprets the input and 
generates an output is complex, since it includes 
interactions between genes, proteins and the 
biological environment (Kohl et al., 2010). In the 
context of vaccinology, the introduction of a 
vaccine into an organism perturbs a large 

!3



Systems Vaccinology Lever et al.

fraction of the 26,000 genes in our genomes 
(Pulendran et al. 2010). 

In order to identify which genes from the 
thousands measured in transcriptome datasets 
have a significant change in expression, 
statistical approaches are applied. There are 
many techniques available, ranging from simple 
regression analysis to more computationally 
expensive techniques (Nakaya and Pulendran, 
2015), such as machine learning methods (Ma et 
al., 2014; Carlisle et al., 2015). In the case that 
expression data consists of a heterogeneous 
combination of cell subsets, such as from whole 

blood samples, deconvolution methods can be 
applied to extract cell specific information (Shen-
Orr and Gaujoux, 2013). Figure 1 shows how 
each technique could be used in a Systems 
Vaccinology study. 

Once the relevant genes have been identified, 
mathematical models are developed to quantify 
this relationship. The utility of mathematical 
models is that they require a scientist to 
formalize their assumptions about a biological 
system in a concrete, quantitative way. The 
predictions of the model can then be validated or 
rejected through experimentation. This allows 
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Figure 1. Overview of the methodology of a typical Systems Vaccinology study. Blood samples are taken at time points pre- and post-vaccina-
tion and low and high-throughput technologies are applied to characterize the immune response. Antibody responses, cytokine profiles, the 
metabolome and proteome can be assessed from blood plasma. T and B cell responses can be determined from the peripheral blood mononu-
clear cell (PBMC) fraction. Gene expression profiling of vaccinees can be obtained from RNA-seq and microarray experiments on cell popula-
tions, or single-cells. A broad range of computational methods, such as deconvolution methods and differentially expressed gene (DEG) analysis 
can be applied to determine gene signatures. This information is then integrated to determine measures of vaccine immunogenicity and safety, 
unravel the mechanisms of vaccination and drive new hypotheses and insights..
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the assumptions on the mechanism of a vaccine 
to be rigorously tested (Gunawardena, 2014). 
Systems biology models can range from 
dynamical models of signaling molecules (Altan-
Bonnet and Germain, 2005; Li, 2009) to attempts 
to model larger networks that integrate 
interactions between the genome, signaling 
proteins and metabolites (Hyduke and Palsson, 
2010; Penfold and Wild, 2011). Network science 
has also been successfully applied to interpret 
these interactions, which we will discuss in the 
next section. 

Network science and modularity 
The datasets obtained from omic studies consist 
of a complex web of interactions between genes 

and/or proteins. Network science, which has 
already been used to analyze a diverse array of 
networks ranging from sociological networks to 
the internet, has proved an effective framework 
for the analysis of biological information 
(Barabasi and Oltvai, 2004). Characterization of 
the architecture of these biological networks has 
revealed the design principles of biological 
circuits. It has been found that networks contain 
motifs that are conserved across biochemical 
systems, and these include positive and 
negative feedbacks and feedforwards (Milo et 
al., 2002; Tyson et al., 2003). 

When interpreting biological networks, rather 
than considering a single gene or protein in 
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Figure 2. Network analysis applied to vaccinology. Gene networks can be constructed by detecting significant correlations in gene expression 
between genes in transcriptome datasets. These connections can be combined with existing knowledge of interactions from interactome data. 
Modules can then be selected from this network by performing co-expression analysis. The activity of a module in relation to the immune re-
sponse (such as antibody response), as well as the functional significance of the module can then be analyzed.
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isolation, it can be more biologically relevant to 
analyze the network in a modular fashion 
(Hartwell et al., 1999; Barabasi and Oltvai, 
2004). A module is defined as a set of genes or 
proteins that are physically or functionally 
connected to each other and through their 
interactions produce a relatively distinct 
emergent function (Hartwell et al., 1999) (Figure 
2). Such a modular approach has successfully 
been applied to identify early molecular 
signatures that are induced in response to 
vaccination against diseases including yellow 
fever (Querec et al., 2009) and influenza 
(Nakaya et al., 2011; Bucasas et al., 2011). 

Databases and online tools 
Several databases for the storage and 
categorization of omics data are now available. 
The Gene Expression Omnibus (GEO) contains 
millions of submitted datasets, including 
thousands of datasets from experiments that use 
transcriptomic methods. The Immunology 
Database and Analysis Portal (ImmPort) 
contains hundreds datasets exclusively relevant 
to immunology (Bhattacharya et al., 2014). 
These databases facilitate collaboration among 
the scientific community, and many of them 
come with user-friendly tools for user analysis 
(Kidd et al., 2014). There are also databases that 
contain manually curated gene sets that are 
associated with biological pathways including 
immune pathways, such as Reactome (Vastrik et 
al., 2007), InnateDB (Lynn et al., 2008) and 
Ingenuity (http://www.ingenuity.com/). In fact 
some databases, such as MsigDB, contain gene 
sets discovered by searching for groups of 
genes co-expressed under certain biological 
condit ions (Liberzon et al., 2011). The 
examination of gene sets, as opposed to 
individual genes, offers the potential to increase 
the sensitivity of the analysis and to provide 
more functional insight to the data (Hagan et al., 
2015).  

One of the limitations of these gene sets is that 
they are usual ly b iased towards non-
immunological conditions, and so have less 
relevance towards vaccinology (Nakaya and 
Pulendran, 2015). Also, the majority of gene sets 
are not specific to blood tissues, nor do they 
contain genes that are transcriptionally synchro-
nized. To overcome these issues, we have 
recently created our own Blood Transcription 
Modules (Shuzhao et al., 2013) By performing a 
huge integrative network analysis of thousands 

of human blood transcriptomes, we identified 
sets of genes that are co-expressed in blood 
tissues. Next, we have used these modules to 
reveal distinct transcriptional signatures of 
antibody responses to different classes of 
vaccines, including meningococcal vaccines 
(Shuzhao et al., 2013) and Influenza vaccine 
(Nakaya et al., 2015; Nakaya et al., 2016). 

Systems vaccinology has led to mechanistic 
insights 
The first studies to apply the systems methods 
described above to vaccinology and yield 
mechanistic insights focused on the yellow fever 
YF-17D vaccine (Querec et al., 2008; Gaucher 
et al., 2008). The vaccine was developed 
empirically in the 1930s by attenuating the 
pathogenic Asibi strain of the yellow fever virus 
and has become one of the most effective 
vaccines ever made. Molecular studies have 
found that the vaccine elicits an innate and 
adaptive response, which is in part mediated by 
the activation of dendritic cells (DCs) through 
toll-like receptors (TLRs) to induce CD4+ and 
CD8+ T cell responses (Barret and Teuwen, 
2009). Neutralizing antibodies are considered 
the major meditator of protection against 
infection (Monath, 2005), although cytotoxic T 
cells may also be important (Querec et al., 
2008). However, the exact molecular mechan-
isms by which the vaccine induces these 
responses are not completely known. 

Two independent studies by Querec et al., 
(Querec et al., 2008; Gaucher et al., 2008) took 
a systems approach to address these questions. 
The experimental design involved performing 
microarray analysis on blood samples taken from 
vaccinees on day 0 and subsequent days post 
vaccination. A challenge to analyzing the 
immune system is its anatomical complexity. 
However, blood samples offer a powerful 
snapshot of the immune system since peripheral 
blood contains immune cells in different states of 
differentiation (Chaussabel et al., 2010). The two 
studies were conducted using different micro-
array platforms and both showed that the type I 
interferon pathway was activated two weeks 
following vaccination, as well as genes involved 
in the complement, inflamm-asome and innate 
sensing pathways (Querec et al., 2008; Gaucher 
et al., 2008). In addition, gene signatures were 
identified in the Querec et al., study that can 
predict the induction of a protective response. 
This was performed by first finding genes whose 

!6

http://www.ingenuity.com/


Systems Vaccinology Lever et al.

early expression correlated with either the 
subsequent induction of CD8+ T cell response or 
antibody responses. To test the predictive 
powers of such signatures (composed of small 
subsets of genes), computational classification 
methods were used to predict if a vaccinee from 
a separate and independent trial would develop 
a high/low immune response. Once these 
validated gene signatures were defined, they 
were then used to generate molecular insights 
into the action of the vaccine. Among the 
predictive biomarkers of CD8+ T cell response is 
the Eukaryotic Translation Initiation Factor 2 
Alpha Kinase 4 genes (EIF2AK4), also known as 
GCN2 (Querec et al., 2008). This is an 
evolutionarily ancient gene that mediates the 
integrated stress response to events such as 
amino acid starvation by shutting down 
translation and producing stress granules. It was 
confirmed in a transgenic mouse study that 
GCN2 and other genes in the stress-response 
pathway are important for vaccine efficacy 
(Ravindran et al., 2014). This pathway promotes 
CD4+ and CD8+ T cell responses by promoting 
autophagy and antigen presentation in DCs 
(Ravindran et al., 2014). Systems methods 
therefore revealed a new link between GCN2 
pathway and the activation of T cell response to 
the yellow fever vaccine. 

Following this initial study, systems vaccinology 
approaches have been applied to influenza 
(Nakaya et al., 2011; Bucasas et al., 2011), HIV 
(Zak et al., 2012), malaria (Vahey et al., 2010), 
and smallpox (Reif et al., 2009).  

Systems approaches to DNA vaccination 
The systems vaccinology methodology outlined 
above can be applied to DNA vaccination in 
order to elucidate the mechanism of vaccines, 
determine correlates of protection, evaluate what 
type of adjuvants are most suitable, and assess 
vaccine safety. Although some progress has 
been made to understand the mechanism of 
DNA vaccination, it is still not clearly understood 
(Hasson et al., 2015). DNA vaccination 
introduces a DNA sequence into host cells in 
order to direct the production of an antigenic 
polypeptide that the sequence encodes. The 
antigen can therefore be sensed by the innate 
immune system at the level of nucleic acid and 
protein (Donnelly et al., 2005). The immune 
pathways that are activated in response to this 
include CD4+, CD8+ and humoral pathways 
(Hasson et al., 2015). Transcriptome analysis of 

blood samples from vaccinees could therefore 
provide useful insight into this complex immune 
response.  

In the following section we will discuss how 
systems vaccinology has already been applied 
to investigate adjuvants, vaccine safety, and 
DNA vaccination in animals. 

Strategies to improve DNA vaccine immuno-
genicity  
The use of adjuvants can improve the 
immunogenicity of DNA vaccines by stimulating 
the immune system and/or by enhancing the 
delivery of the antigen (Saade and Petrovsky, 
2012). The importance of the innate immune 
system in orchestrating the strength and quality 
of an adaptive response has been increasingly 
acknowledged (Coffman et al., 2010). Adjuvants 
work by triggering the early innate immune 
response which can promote a long lasting 
adaptive immune response (Pashine et al., 
2005). The innate immune system detects 
antigen through germline encoded pattern 
recognition receptors (PRRs), including TLRs, 
which recognize molecular structures that are 
found on many pathogens. Many adjuvants work 
by directly targeting these PRRs (Coffman et al., 
2010). The effect of traditional adjuvants, such 
as LPS, aluminum salts, synthetic polymers, 
liposomes and polysaccharides have been 
trialled with DNA vaccines, but have been found 
to yield only limited success (reviewed in Saade 
and Petrovsky, 2012). 

Another approach to enhance DNA vaccine 
immunogenicity is through the insertion of 
genetic adjuvant sequences into the plasmid 
backbone. DNA vaccines have an inherent 
adjuvant activity since they include unmethylated 
CpG motifs (Kobiyama et al., 2013). It has been 
shown that the addition of extra CpG motifs, 
such as synthetic oligodeoxynucleotides 
(ODNs), results in increased immunogenicity 
(Kojima et al., 2002). Molecular adjuvants have 
also been utilized, including TLR adaptor 
molecules, such as myeloid differentiation 
primary response gene (MyD88), which was 
found to increase humoral responses, and Toll/
IL-1 receptor (TIR)-domain-containing adaptor 
inducing interferon-β (TRIF) that increases 
cellular responses (Takeshita et al., 2006). Co-
stimulatory molecules CD80, CD86, and CD40, 
which bind to CD28, and CD40L, respectively, 
have also been encoded. While CD86 sequence 
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enhanced both CD4+ and CD8+ T cell 
responses (Flo et al., 2000), CD40 increased 
both cellular and humoral responses (Gómez et 
al., 2009; Xu et al., 2010). Other genetic 
adjuvants include cytokines and chemokines 
(reviewed in Saade and Petrovsky, 2012).  

Systems approaches to vaccinology can provide 
insight into what type of adjuvant is most suitable 
to increase the efficacy of a vaccine. A study by 
Nakaya et al. (2011) examined transcriptome 
data from patients vaccinated against influenza 
and found that early induction of TLR5 
expression was associated with a higher 
antibody response 28 days post vaccination. 
This study suggests that adjuvants that target 
TLR5 would be most effective for augmenting 
the immungenicity of this vaccine. Also, this 
finding provided evidence that gut commensals 
could play an important role in TIV immuno-
genicity (Oh et al., 2014). Other studies 
confirmed that influenza vaccine containing a 
recombinant fusion protein that links influenza 
antigens to flagellin, which is a TLR5 ligand, can 
induce a potent response in humans and mice 
(Mastelic et al., 2013). It has also been shown 
that a DNA vaccine for the influenza virus in 
combination with a vector encoding flagellin 
offered protection against a lethal influenza A 
virus infection in mice (Applequist et al., 2005).  

Although few systems biology studies have 
examined adjuvants in humans (Nakaya et al., 
2016; Sobolev et al., 2016), transcriptome 
analysis has been performed to analyze the 
effects of a myriad of adjuvants on mice, 
including alum, MF59 and TLR agonists 
(Olafsdottir et al., 2015), as well as the TLR4 
agonist GLA-SE, developed by the Infectious 
Disease Research Institute (IDRI) (Lambert et 
al., 2012). Gene expression profiling at the site 
of GLA-SE injection showed an upregulation in 
MyD88 and TRIF dependent pathways. This 
result agrees with a later study that found the 
Th1 polarizing effect of GLA-SE to be dependent 
on the MyD88 and TRIF signalling pathways, 
which demonstrates how early transcriptional 
responses can be indicative of a later adaptive 
response (Olafsdottir et al., 2015). 

Identifying vaccine reactogenicity signatures 
Although most systems vaccinology studies 
have attempted to find biomarkers of immuno-
genicity, few have considered vaccine safety. 
One of the initial concerns over DNA vaccination 

was the potential of the integration of the 
plasmid into the host genome, and the 
subsequent activation of oncogenes or deactiva-
tion of tumor suppressor genes (Klinman et al., 
1997). Experiments have found that the rate of 
integration of the plasmid is negligible, however 
there are limitations in the current approaches 
taken to assess plasmid integration (Faurez et 
al., 2010). Since DNA vaccines are usually 
administered with adjuvants, safety assessments 
are crucial in order to maintaining the balance 
between increasing immunogenicity and retain-
ing safety. 

Systems approaches have identified biomarkers 
that can predict the safety of an Influenza 
vaccine in rats (Mizukami et al., 2014). The study 
compared gene expression data in response to 
the whole particle Influenza virus vaccine WPv, 
the subvirion Influenza HA vaccine (HAv) and the 
trivalent Influenza vaccine (TIV). The WPv 
contains all components of the Influenza virus 
and induces strong immunity with a high chance 
of adverse effects. The HAv is a subvirion 
Influenza vaccine that is less likely to produce a 
febrile response. TIV is a newer vaccine which 
can be updated each year. Either the WPv, HAv 
adjuvanted with aluminum hydroxide or one of 
four batches of the TIV vaccine was admin-
istered and expression of biomarkers were 
detected using the QuantiGene Plex Assay, a 
hybridization based assay performed in 96 well 
plates that directly quantifies RNA targets. 
Vaccine toxicity was also evaluated by an 
abnormal toxicity test, which is a general safety 
test. It was found that biomarker expression 
correlated to the immunogenicity of WPv and 
adjuvanted HAv. Expression was sensitive 
enough to show difference in batches of TIV, as 
confirmed by the AT test (Mizukami et al., 2014). 
Since the expression of these biomarkers can be 
detected at earlier time points than the AT test 
can be conducted, the use of biomarkers can 
provide signals of a latent toxic response.  

Recently, Sobolev et al., (2016) have shown that 
molecular signatures can predict adverse 
reactions to the influenza-H1N1 Pandemrix 
vaccine adjuvanted with AS03. The study found 
gene-expression patterns that could be detected 
pre-, as well as post-, vaccination that 
corresponded to adverse reactions of a medium/
high severity. Analysis of pre-vaccination gene 
expression patterns then led to the identification 

!8



Systems Vaccinology Lever et al.

of an atypical B cell phenotype that corresponds 
to adverse events (Sobolev et al., 2016).  

In order to comprehensively assess vaccine 
safety in humans, the BioVacSafe project was 
initiated in 2011. This is a 5-year project that 
brings together many academic and industrial 
institutions to conduct studies that combine 
systems vaccinology, animal studies and clinical 
measures of reactogenicity. Studies compare the 
administration of adjuvanted and unadjuvanted 
vaccines in primed and naive subjects, using the 
same protocol and conducted at the same 
clinical site to minimize variability. Adjuvants to 
be investigated include MF59C, AS04C, and 
alum alongside vaccines for Influenza, hepatitis 
B and yellow fever. The aim is to discover 
biomarkers that are unique to specific vaccines 
as well as more general biomarkers common to 
several vaccines or a patient subset. The patient 
setting is highly controlled such that the 
variability of sleep, exercise, diet, alcohol and 
tobacco use is minimized. Furthermore, samples 
are taken from subjects within the first 72 hours 
of vaccine administration, which allows early 
innate immune responses to be detected at the 
transcriptomic and proteomic level. In addition to 
blood samples, there are plans to take muscle 
biopsies from the site of injection from humans 
(Lewis and Lythgoe, 2015). 

Results from DNA vaccination studies 
There have been several transcriptome studies 
applied to DNA vaccination, although none have 
been applied to humans. One of these studies 
has investigated the immunogenicity of the 
empty plasmid itself (Mann et al., 2011). In this 
study, mice were inserted with non-coding pCMV 
by electroporation, and microarray analysis of 
the skeletal muscles was performed 7 days post-
insertion. An upregulation of pathways that 
regulate the innate immune response was 
detected, including the inflammasome. There 
was also an increase in expression of PPRs that 
can detect nucleic acids, including TLR9, and 
cytoplasmic PPRs including Zpb-1, which is a 
candidate DNA sensor (Takaoka et al., 2007). 
Interestingly, many of the genes activated had an 
overlap with pathways associated with viral 
immunity (Mann et al., 2011). 

Gene expression in response to a DNA vaccine 
against the viral haemorrhagic septicaemia virus 
(VHSV) has been investigated in turbot, 
revealing insights into the pathways involved in 

the defense against the disease (Pereiro et al., 
2014). In this study, fish were challenged with 
the VHSV rhabdovirus and transcriptome 
analysis of head kidney cells was performed at 
several time points. Before the challenge, fish 
were either vaccinated with plasmid DNA 
encoding the G glycoprotein from VHSV, which 
induces strong protection (Pereiro et al., 2012), 
or were left unvaccinated. It was found that 
vaccinated fish exhibited highly different 
transcriptome profiles compared to unvaccinated 
ones (Pereiro et al., 2014). As expected, the viral 
recognition receptors TLR3 and TLR8 were 
significantly up-regulated after VHSV challenge. 
In addition, these fish showed up-regulated 
expression of TLR5 and TLR6 genes, which is 
surprising since these TLRs are thought to have 
a role in bacterial component detection. 
However, this study indicates that they may play 
a role in viral recognition too (Pereiro et al., 
2014). 

Another study conducted on fish considered 
gene expression across multiple tissue samples 
in response to DNA vaccination, allowing a 
spatial insight into the immune response. 
Rainbow trout were injected intra-muscularly with 
vector DNA or the DNA vaccine based on the 
infectious hematopoietic necrosis virus (IHNV). 
Microarrays were conducted on muscle tissue 
and qRT-PCR was conducted on secondary 
tissues. Only fishes that received the IHNV 
vaccine had an upregulation of type I IFN-related 
genes at secondary tissues. This corresponded 
to upregulation of genes at the intra-muscular 
site, including those relating to the IFN type I, 
type II, T cells, B cell and TNF-α, as well as 
virally-induced genes. Over 45% of genes that 
had a significant change in gene expression 
were novel genes with an unknown function. 
This study indicates that these genes may play a 
role with the early innate immune response 
(Purcell et al., 2006). 

The mechanisms of protection from DNA therapy 
to treat tuberculosis in mice has been explored 
through transcriptomics (Zárate-Bladés et al., 
2009). Mice were treated or untreated with 
plasmid DNA encoding Mycobacterium leprae 65 
kDa heat shock protein (DNAhsp65). DNAhsp65 
has previously been shown to decrease bacterial 
load in heavily infected mice (Lowrie et al., 
1999). Following infection with M. tuberculosis, 
lung tissue was examined by microarray and RT-
PCR analysis. Transcriptome analysis showed 
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that DNA immunotherapy was able to boost the 
Th1 immune response and to inhibit the Th2 
response against the pathogen. The augmented 
Th1 response was defined by the upregulation of 
IFN-γ and genes that respond to IFN-γ 
stimulation as well as IFN-γ regulatory factors. A 
suppressed Th2 response was shown by the 
downregulation of genes such as IL-4 (Zárate- 
Bladés et al., 2009). 

These studies demonstrate a proof of principle 
for using systems vaccinology approaches to 
examine DNA vaccination. However, the 
approach taken in these studies has focused on 
identifying differentially expressed genes 
(DEGs). For future studies, it will be more inform-
ative to consider modules of genes that are co-
expressed rather than DEGs. These modules 
are more likely to correspond to functional units 
that are activated during the administration of the 
vaccine. These modules can yield a more 
mechanistic understanding of the immune 
system which can be used to create testable 
hypotheses. 

Challenges and future directions 

Noise 
The majority of systems vaccinology studies 
have focused on transcriptome profiling through 
the use of microarrays. These studies tend to 
suffer from noise both at the level of the 
technology and also due to the nature of 
experimental design, since in general too few 
samples are taken. Vaccination is a mild 
perturbation to the human body and since DNA 
vaccines tend to have low immunogenicity, they 
may be especially so. Noise must therefore be 
adequately accounted for in order to ascertain 
biologically relevant gene expression signatures. 

Although microarrays are reliable when the 
abundance of RNA transcripts is high, the 
technology is noisy when the abundance of RNA 
is low (Zhao et al., 2014). This can be a problem 
for the analysis of the expression of transcription 
factors since they often have a low level of 
expression (Hagan et al., 2015). Microarray 
studies have the additional issue of batch 
effects, which happens when microarray 
samples within a dataset suffer from systematic 
errors due to the experimental conditions in 
which the microarray was performed. Such 
effects can be due to different lots of reagents, a 
change in the technician that conducted the 

experiment and even changes in atmospheric 
ozone levels (Chen et al., 2011). These effects 
can only be completely avoided if all samples 
are processed at the same time, but this is not 
possible for large datasets. Several algorithms 
have been developed that attempt to adjust 
datasets to mitigate batch effects (Chen et al., 
2011). 

As mentioned previously, a challenge to 
analyzing the transcriptome is the typically low 
number of samples in transcriptomic datasets. 
Due to cost and logistical issues, studies usually 
have a low number of participants, and blood 
samples are taken at too few time points. 
However, a large number of participants is vital 
since there can be a lot of variation of gene 
expression between samples. A large sample 
number is also needed to determine which 
biomarkers are not clinically significant. For 
example, in the BioVacSafe trials, where lifestyle 
factors are strictly controlled, it was found that 
subjects had a shared trend in plasma proteins 
albumen and total protein over the course of the 
trial. This variation was deemed not clinically 
significant and so could be dismissed (Lewis and 
Lythgoe, 2015). The challenge is to be able to 
distinguish which biomarkers are significant or 
not in studies where the levels of reactogenicity 
are mild and the biomarkers subtle (Lewis and 
Lythgoe, 2015). 

An additional challenge to the analysis of 
microarray data is the high dimensionality of the 
data (where 10,000s of RNA transcripts are 
measured), compared to the low number of 
samples (in the region of 100s or less). This 
means that traditional statistical methods that 
rely on a large sample size cannot be applied 
(Johnstone and Titterington, 2009). In addition to 
pathway-level analyses, another way to 
decrease the dimensionality of datasets is to 
apply some recently developed techniques 
called feature selection methods. The function of 
these algorithms is to remove transcripts that are 
not relevant to the biological question (Bolón-
Canedo et al., 2014). Once such filtering 
methods have been performed, the significance 
of remaining genes must be evaluated. To this 
end, many techniques can be applied to 
minimize the false discovery rate, which is the 
percentage of variables in the dataset 
erroneously designated as significant when they 
are truly not significant (Storey and Tibshirani, 
2003; Pawitan et al., 2005). 
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Integrating biological information 
Most systems vaccinology studies have so far 
focused on analyzing the transcriptome. 
However, studies that integrate different types of 
readouts, such as metabolomics, proteomics, 
epigenetics, the microbiome and lifestyle factors 
such as age and diet have the potential to offer 
more explanatory power.  

A recent study has demonstrated how metabol-
omics could provide biomarkers of efficacy and 
safety of DNA vaccines. In a study by Yang et. 
al, metabolomic data was analyzed from sera of 
mice vaccinated with the plasmid DNA 
expressing HBV surface antigen (pVAX-s) (Yang 
et al., 2008). Their analyses identified an 
increase in metabolites, such as phytosphing-
osine, dihydrosphingosine, palmitoylcarnitine, 
and ceramide in the sera of DNA-vaccinated 
mice (Yang et al., 2008). 

The epigenome offers further potential for 
characterizing the immune response. A recent 
study by Estherhuyse et al . combined 
information on DNA methylation, transcriptome 
and proteome from granulocytes and monocytes 
from patients suffering from TB (Esterhuyse et 
al., 2015). They discovered that patients and 
controls could be distinguished by the methy-
lation marks on their DNA. Although the sample 
size in this study was small, this study is a proof 
of principle for this technique (Esterhuy-se et al., 
2015). 

Just as transcriptome data analysis is faced with 
the challenge of noise, the same issues will 
hinder studies that integrate many types of 
biological measures. However, this integrated 
response will enable a more personalized 
description of the subject’s response to a 
vaccine. 

Dealing with Big Data 
As high-throughput technologies become 
cheaper and omic datasets can be routinely 
generated by many labs, the biological 
community is then left with the challenge of how 
to store, interpret and integrate the ever 
increasing volumes of data (Dolinski and 
Troyanskaya, 2015). Software packages have 
been developed to enable the integration of the 
diverse types of omic data. One example is 
Binding and Expression Target Analysis (BETA), 
which combines information of transcription 
factor binding from ChIP-seq experiments with 

gene expression data in order to infer protein-
DNA interactions and their regulation (activating 
or inhibiting) (Wang et al., 2013). Another 
method to combine different types of biological 
information to inform expression data is gene set 
enrichment analysis (GSEA) (Subramanian et 
al., 2005). In this method, gene expression data 
is examined for enrichment or depletion of sets 
of genes from a priori sets that are associated 
with a given pathway or phenotype. This can 
give information on the functional characteristics 
of the expression data. 

Conclusions 
We have shown how recent technological 
advances have enabled vaccines to be 
investigated in unprecedented detail. These 
methods are beginning to offer insights into the 
mechanisms by which vaccines confer protect-
ion, as well as point to ways by which vaccine 
efficacy can be increased through combination 
with adjuvants. Biomarkers are being uncovered 
that can predict vaccine immunogenicity as well 
as toxicity. However, these methods have yet to 
be applied to DNA vaccination studies in 
humans. In addition, computational and 
biological challenges remain before a truly 
integrated and personalized vaccine response 
can be measured. We hope that these methods 
will pave the way for the design and evaluation 
of effective DNA vaccines. 
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