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Abstract
Pathogens and vaccines stimulate the immune system through an intricate and elaborate network of special-
ized cells and organs. Immune activation triggers several biological activities that require spatial and dynamic 
coordination. These activities range from recognition of pathogen-derived factors to cell intercommunication 
to cell differentiation. Systems biology approaches provide a comprehensive way of dissecting the complex 
interactions within these processes, and can lead to a better understanding of vaccine-induced immunity and 
disease pathogenesis. In recent years, systems biology has been successfully applied in analyzing the immune 
response to a wide range of vaccines and infectious agents. However, dealing with the large amount of data 
generated from high-throughput techniques and the inherent complexity of the immune system represent 
major computational and biological challenges. This chapter highlights the recent technological and method-
ological advances in the field and shows how systems biology can be applied to unraveling novel insights into 
the molecular mechanisms of immunity.
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1 INTRODUCTION

The immune system is a complex defense system whose main function is to provide immunity, 
which is the body’s protection from infection and disease. To achieve this, the immune system 
utilizes a vast number of cell types, each having a specialized role in recognizing and eliminating 
foreign pathogenic invaders. Although a great number of pathogens are naturally eliminated by 
the immune system, some evade the host defenses and proliferate, establishing infection that 
may result in hospitalization and death. In immunocompromised populations, non-pathogenic 
microorganisms can also result in severe infection. It is how the immune cells respond and inter-
act with each other and the pathogens that determine the disease outcome. So far, very little is 
known about the dynamic network of cells and molecules behind such responses. Similarly, we 
have a limited knowledge of the molecular mechanisms that mediate vaccine-induced immunity. 
Despite their undisputed successes, most vaccines were designed empirically, with the gene net-
works and pathways associated to immunity remaining largely unknown (Nakaya et al. 2012).

Major technological breakthroughs of high-throughput technologies now allow scientists 
to study entire genomes, sets of transcripts (transcriptome), proteins (proteome), and metabo-
lites (metabolome) of cells and tissues (Nakaya et al. 2012). As these technologies become 
more accessible and cost-efficient, their use has expanded, creating a unique opportunity for 
scientists to profile immune responses of large cohorts and in clinical trials (Chaussabel et al. 
2010). Systems biology utilizes the enormous amount of data generated by these techniques 
to describe the complex interactions between all the parts of a biological system under differ-
ent types of perturbations, and to construct mathematical models to predict the behavior of 
the system (Ideker et al. 2001; Kitano 2002). This powerful approach promises to revolution-
ize our understanding of biological systems.

The application of systems biology to vaccinology and infectious disease may potentially fill 
many fundamental gaps in basic immunology, as well as enable the rational design and testing 
of novel vaccines (Nakaya et al. 2012). Also, the exploration of the interconnected networks that 
control and drive the immune response to infection may shed some light on the understanding 
of infectious diseases (Casadevall and Pirofski 2003) and identify therapeutic targets and improve 
clinical outcomes (Aderem et al. 2011). However, the inherent complexity of immune system and 
the technical difficulties associated with the computational analyses of large datasets imposes 
great challenges for the field. In this chapter I describes how systems biology is re-shaping the 
study of immune responses and the many challenges associated with this exciting enterprise.

2 A BRIEF OVERVIEW OF THE IMMUNE RESPONSE

The capacity to respond to as well as to clear and/or control an invading pathogen is the primary 
goal of the immune system. This is achieved by two different but complementary arms: the innate 
immune system, which quickly (few hours to few days) recognizes and responds to pathogens, 
and the adaptive immune system, which is responsible for mounting a late response, but one that 
can persists for years (memory). Both arms form a remarkably versatile defense system (Kuby et 
al. 2002) that involves a myriad of cells and molecules that act together in a dynamic and complex 
fashion. This section provides a simplified description of the main effectors of immune responses.

The recognition of a pathogen by specialized cells can trigger a broad range of effector responses, 
each uniquely suited to eliminate a particular type of pathogen (Kuby et al. 2002). More importantly, 
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if a memory response is induced, a later exposure to the same pathogen will result in a rapid resolu-
tion by the immune system, eliminating the pathogen and preventing disease (Kuby et al. 2002). 
Vaccines attempt to mimic these naturally induced memory responses (or immunity) by exposing 
the immune system to altered forms of a pathogen or components of a pathogen which does not 
cause disease. Since adaptive immunity is contingent upon an effective innate immune response, a 
successful vaccine must be able to induce both arms of immune responses.

In addition to anatomic and humoral barriers, the innate immune system utilizes a great 
variety of specialized cells and complex biological processes. Neutrophils and macrophages 
are able to engulf and kill certain types of pathogens, whereas Natural Killer (NK) cells can 
non-specifically kill cells that have been infected by viruses. Dendritic cells can process and 
present antigens (i.e., foreign substances that evoke the production of antibodies) to cells of 
the adaptive immune system. All these processes involve an intricate number of chemical 
molecules (RNAs, proteins, metabolites) being produced, released, and detected by these 
innate cells. Among the soluble products of innate immunity, we can cite many cytokines and 
chemokines, as well as antimicrobial peptides and complement fragments.

Adaptive immunity protects the body against infection with antibodies and T cells. 
Antibodies (or immunoglobulins) are proteins produced and secreted by B cells, which can 
bind to antigens on invading pathogens. This interaction can directly inactivate the pathogen 
or activate a variety of inflammatory mediators that will destroy the pathogen (Rote 2009).  
T cells, during an immune response, can differentiate into several subpopulations of effector 
T cells that have an effect on many other cells (Rote 2009). Cytotoxic T cells (usually express-
ing the surface protein CD8) will attack and kill cells infected by viruses. T helper cells, which 
express the protein CD4 on their surface upon maturation, can stimulate the activities of other 
leukocytes through cell-to-cell contact or through the secretion of cytokines (Rote 2009). Thus, 
the appropriate interactions between T and B cells and the functions of both types of responses 
are critical for the success of an acquired immune response (Rote 2009).

The main effectors of vaccine response are becoming gradually unveiled in the last decades. 
Figure 15.1 summarizes the major events that may be involved in this response. Upon exposure 
to antigen, cells from the innate immune system, such as immature dendritic cells (DCs) and 
monocytes become activated and migrate to lymph nodes. During this migration, these antigen 
presenting cells process the antigen into small peptides and display them at the cell surface to B, 
CD4+ T, and CD8+ T cells. DC-activated CD4+ T cells can differentiate into mutually exclusive 
differentiation pathways (Figure 15.1). T helper type 1 (Th1) CD4+ T cells support CD8+ T cell 
activation and can also participates in the elimination of intracellular pathogens. T helper type 2 
(Th2) CD4+ T cells (and Th1 cells) support B cell activation and differentiation into short-live 
antibody secreting plasma cells (plasmablasts), whereas follicular CD4+ helper T cells (Tfh) and 
follicular DCs (fDC) provide help to germinal center (GC) B cells. Vaccines may instead elicit 
regulatory CD4+ CD25+ T cells (Treg). DCs that capture antigen in the absence of “danger” 
signals remain immature in their migration to lymph nodes, inducing naïve T cells to differenti-
ate into Tregs and not effector T cells. These Tregs can suppress Th1 and Th2 responses. CD8+ T  
cells activated by DCs become cytotoxic T cells which are capable of killing infected cells or 
pathogens. These cytotoxic T cells can differentiate into two types of memory T cells: effector 
memory T cells or central memory T cells. If the latter cells recognize antigens transported by 
activated DCs, they can quickly proliferate and differentiate into the former cells. Vaccine anti-
gen-specific B cells when activated by DCs and CD4+ T cells rapidly differentiate into plasma-
blasts. If sufficient help from antigen-specific T cells is received, the B cells proliferate in the 
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germinal centers and can differentiate into memory or long-live antibody secreting plasma B 
cells. The secreted antibodies (mostly IgG and IgA) can neutralize the pathogen and protect the 
body from infection if their affinity (quality) and abundance (titers) are sufficiently high and 
sustained on mucosal surfaces (Figure 15.1). Finally, adjuvants play their role by stimulating dif-
ferent innate immune cells, improving the potency of the immune response to co-administered 
antigens (Kwissa et al. 2007).

Although the main cellular players of immune responses have been identified, the genetic 
and signaling programs that control their differentiation, activation status, proliferation, or 
death are poorly characterized. For instance, which genes should be activated in plasma B cells 

FIGURE 15.1 Main effectors of vaccine response. Vaccine-induced immune effectors include antibodies, pro-
duced by B lymphocytes, and cytotoxic CD8+ T lymphocytes. The generation and maintenance of specific B and 
CD8+ T cell responses is supported by CD4+ T helper lymphocytes. Cells from the innate immune system, such as 
dendritic cells and monocytes play a pivotal role in regulating the quantity, quality, and longevity of the adaptive 
immune response induced by the vaccine. DC, dendritic cell; fDC, follicular dendritic cells; Tfh, follicular CD4+ 
helper T cells; Treg, regulatory CD4+ CD25+ T cells; NK, natural killer cells; GC, germinal center.
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to increase the quality and quantity of antibodies? What is the genetic program of activated 
DCs that will contribute to a strong CD8+ cytotoxic T cell response? Which genes determine 
the fate of CD4+ T cells after its contact with activated DCs? The road for answering these 
questions remains long but systems biology can increase our pace toward discovery.

3 SYSTEMS IMMUNOLOGY TOOLS AND DATABASES

3.1 The arsenal of modern immunologists

Conventional immunology and reductionist methods of cellular and molecular biology have 
identified most of the known components of the immune system (Ricciardi-Castagnoli and 
Granucci 2002). Methods such as ELISA (Enzyme-linked immunosorbent assay), flow-cytometry, 
and real-time quantitative PCR are still invaluable in describing and analyzing specific cell subsets, 
proteins, or genes during an immune response. However, they have limited power when it comes 
to analyzing several features of a system in parallel, and focus instead on parts of the immune sys-
tem rather than the whole (Nakaya et al. 2012). A more holistic biological approach is required in 
order to reassemble these parts and their connections and dynamics during an immune response.

With the revolution in nanotechnology, robotics, optics, and electronics, immunologists have 
now an arsenal of high-throughput technologies at their disposal. A wide range of molecular and 
cellular profiling assays, such as next-generation sequencing, CyTOF® and Luminex®, are easily 
accessible to laboratories investigating human health and disease. Global changes in metabolites 
or protein levels are assessed by mass spectrometry and nuclear magnetic resonance. Even the 
phosphorylation state of intracellular proteins, which is an important regulator of signal trans-
duction pathways, can also be measured through phospho-specific flow cytometry. This method 
named phospho flow has been successfully applied to the characterization of signaling pathways 
after a microbial challenge and after antigenic stimulation (Hotson et al. 2009; Krutzik et al. 2005).

Among the so-called ‘omics’ technologies, DNA microarrays are still the preferable 
high-throughput screening tool for most systems immunologists (Haining and Wherry 
2010). Representing thousands of distinct genes or genomic regions, microarrays can be 
used to profile a wide range of cellular and molecular processes: gene transcription, alter-
native splicing, DNA methylation, single-nucleotide polymorphisms (SNPs), proteins 
binding to DNA– and RNA–elements (ChIP-on-chip), microRNA and noncoding RNA 
transcription and genomic copy number variations. In addition to its flexibility, the avail-
ability of many easy-to-use analytical software and programs, allied to its relative low 
cost, DNA microarrays are being vastly applied in immunology, from measuring the 
global transcriptional changes of dendritic cell during differentiation (Le Naour et al. 
2001) to assessing the global changes in STAT-target genes upon interferon treatments 
(Hartman et al. 2005). Many more examples can be found investigating the global expres-
sion changes of genes and microRNAs during infection (Jenner and Young 2005; Zeiner et 
al. 2010) or after vaccination (Gaucher et al. 2008; Nakaya et al. 2011; Querec et al. 2009).

The analysis of genomes (DNA-seq) and DNA elements (ChIP-seq), as well as transcrip-
tomes (RNA-seq) and gene regulatory networks can also be achieved through next-generation 
sequencing technologies (Zak and Aderem 2009). This powerful approach generates millions 
of sequence reads per run and is able to measure the transcriptome of cells with high genome 
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coverage. As the cost of next-generation sequencing goes down, it will potentially replace 
hybridization-based technologies such as DNA microarrays (Nakaya et al. 2012). Next-
generation sequencing has many potential applications for studying immune responses 
(Figure 15.2). For example, RNA-seq experiments revealed that RIG-I, a key player in the rec-
ognition of RNA viruses, preferentially associates with shorter viral RNA molecules in infected 
cells (Baum et al. 2010), or that long noncoding RNAs are differentially induced during the 
course of viral (Peng et al. 2010). A variation of RNA-seq method, called genome-wide nuclear 
‘run-on’ analysis (GRO-seq), and chromatin immunoprecipitation combined with next-gener-
ation sequencing (ChIP-seq) were used to determine the impact of the Influenza virus NS1 
gene on the dynamics of host gene transcription, demonstrating how the H3N2 influenza A 
virus interferes with antiviral gene expression by exploiting the very basic principles of the 
epigenetic control of gene regulation (Marazzi et al. 2012). And finally, DNA-seq can be used 
to characterize natural antibody repertoires induced by infection or vaccination, and may sig-
nificantly improve antibody discovery (Fischer 2011).

At the cellular level, two-photon microscopy is the method that best captures the dynamic 
nature of how the cells behave in their native environment (Bullen et al. 2009). This technology 
allows the real–time visualization of immune cells during differentiation, migration, death, and 
interactions with other cells and microbes, and has shed important light on T cell development, 
antigen recognition, cell trafficking, and effector functions (Mirsky et al. 2011). The integration 
of cellular behavior data with the molecular data generated by microarrays and high-through-
put sequencing technologies may have a huge impact on identifying the functional regulatory 
circuits associated to maturation, survival, and pathogen-recognition of immune cells.

A novel single cell detection technology, named cytometry by time-of-flight, or CyTOF®, 
promises to revolutionize the field. This technique is much more powerful than the 
Fluorescence Activated Cell Sorting (FACS) tool because it allows simultaneous measurement 

FIGURE 15.2 Applications of next-generation sequencing technology to study immune responses. Next-
generation sequencing techniques can be used to analyze genomes or DNA (DNA-seq), DNA elements (ChIP-seq), 
and transcriptomes (RNA-seq) in the context of immune regulation.
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of up to 100 surface markers and signaling proteins of immune cells (Bendall et al. 2011). It 
employs antibodies labeled with transition element isotopes and a time-of-flight mass spec-
trometer. By analyzing the expression of many more surface markers and cytokines, Newell 
et al were able to observe an intriguingly diverging phenotypes in CD8+ T cell populations 
(Newell et al. 2012).

Genome-wide RNA interference-based screening represents one of the most powerful 
approaches of functional genomics. It generally utilizes small interfering RNA (siRNA) libraries 
constructed in 96/384-well plates where, on each well, a single gene should be silenced. Cells 
are then exposed to the same conditions (e.g. virus infection) and distributed on the plates. The 
effect of knocking down the expression of these genes on a given cellular process is evaluated by 
a subsequent screening readout (Houzet and Jeang 2011). This method was successfully applied 
to identify cellular factors implicated in HIV replication (Konig et al. 2008; Brass et al. 2008; 
Zhou et al. 2008), as well as influenza virus replication (Konig et al. 2010; Karlas et al. 2010).

New high-throughput multiplex immunoassays, such as antibody microarrays, are avail-
able for diagnostic discovery, biomarker-assisted drug development, or “simply” quantitative 
proteomics studies (Kingsmore 2006). In addition to common proteomics and metabolomics 
technologies that rely on quantitative mass spectrometry, antibody microarrays consist of 
ordered, immobilized capture antibodies paired with mixtures of detector antibody that 
allows highly parallel measurement of protein levels (Kingsmore and Patel 2003). This sensi-
tive protein microarray technique that incorporated rolling-circle amplification technology 
was used to elucidate the cytokine response signature of systemic adverse events following 
smallpox immunization (McKinney et al. 2006).

3.2 Databases

Fortunately, the enormous amount of information derived from both reductionist and 
holistic approaches is being systematically deposited into public databases. More than sim-
ply data repositories, most of the databases are excellent tools for data mining and functional 
analysis. Certain databases contain a broad range of immune-related data, from gene expres-
sion data of macrophages to 3D protein structures of influenza viruses; some of them are 
summarized in Table 15.1.

Equally broad are the many applications of such databases to systems biology analyses. 
When available, high-quality data can be downloaded from the databases and used on a par-
ticular analysis or meta-analysis. For example, the comprehensive information on gene func-
tions, manually curated pathways and transcription factor and microRNA regulation can be 
extremely useful for interpreting the findings of large–scale analyses. Additionally, gene 
expression and co-expression data of specific cell types under different conditions or the 
experimentally validated interactome (protein–protein, protein–DNA, microRNA–RNA) 
data can be a valuable resource for network analysis and pathway enrichment analysis. Also, 
many of these databases include data of animal models and in vitro experiments facilitating 
the design and translation to functional validation experiments.

The InnateDB (http://www.innatedb.com) represents a state-of-the-art platform that can 
facilitate systems-level analyses of mammalian innate immunity. It contains publicly avail-
able data of genes, proteins, networks, and signaling pathways involved in the innate immune 
response of mammals to microbial infection (Lynn et al. 2008). To date, the InnateDB team has 
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manually curated more than 18 thousands molecular interactions related to innate immunity, 
and more recently to allergy and asthma. The platform can also be used as a tool for Gene 
Ontology analysis, network visualization, and Transcription Factor Binding Site analysis.

TABLE 15.1 Immunological databases and tools.

Name Purpose Data type Reference or website

Macrophages.com Macrophage biology GE; P; NET http://www.macrophages.com

DC-ATLAS Dendritic cell biology GE; NET http://www.dc-atlas.net/

Immunome Genes and proteins of the human 
immune system

PD; GF http://bioinf.uta.fi/Immunome

Innate Immune 
Database (IIDB)

Genes and proteins of the mouse 
immune system

GF; NET; GR http://www.innateimmunity-
systemsbiology.org/

Immunological 
Genome Project

Gene expression data of  
well-defined cell types

GE; NET; GR http://www.immgen.org/

Influenza Research 
Database

Resource for the influenza virus 
research community

S; PD http://www.fludb.org

SystemsInfluenza.org Immune system response and 
interaction with the influenza 
virus

GE; I http://www.systemsinfluenza.org/

InnateDB Innate immune response to  
infection

GF; NET; I http://www.innatedb.com

Systems Virology 
Center

Molecular processes related to 
progression of infectious diseases

GE; P https://www.systemsvirology.org

TB Database Integrated platform for  
Tuberculosis research

GF; GE; NET; P http://www.tbdb.org/

miR2Disease miRNA deregulation in various 
human diseases

miR http://www.mir2disease.org/

ImmunoDeficiency 
Resource

Compendium of information  
on the immunodeficiencies

GF http://bioinf.uta.fi/idr/

IMGT Sequence data of immune-related 
genes

PD; S http://www.imgt.org/

Interferome Interferon regulated genes GE; GF; GR; S http://www.interferome.org/

LymphTF DB B and T Lymphocyte Transcription 
Factor Activity in Mouse

GR http://www.iupui.edu/~tfinterx/

ImmPort Data warehouse of immunological 
data

GE; GF; https://immport.niaid.nih.gov

PHISTO Comprehensive pathogen-human 
protein-protein interaction

I http://www.phisto.org

GE = Gene expression data; P = Protein level data; NET = Pathways, gene networks and co-expressed genes data; 

PD = Protein domains and 3D structures; GF = Gene annotation or function; GR = Gene regulation data; S = sequence data; 

I = Interactome data; miR = micro RNA data.
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Another benchmark platform for systems immunology analyses was developed by the 
Immunological Genome Project team (http://www.immgen.org/). The database contains a 
large collection of gene expression profiles of well-defined cell types in different states of dif-
ferentiation, maturation, and activation responses. This huge amount of information (pub-
licly available for downloading) supports the computational reconstruction of the genetic 
circuitries underlying several immune-related processes and can be used to reveal the gene 
signatures of specific immune cell populations. The platform also contains user-friendly tools 
for generating interactive heatmaps of gene families, displaying gene modules of coregulated 
genes, visualization of RNA-seq data of two cell lineages, and for revealing the differences in 
gene expression between different cell populations.

4 BLOOD TRANSCRIPTOMICS

Blood is the main channel for migration and trafficking of immune cells between lymphoid 
organs and other sites of the body, and therefore provides a comprehensive view of the sta-
tus of the immune system in health and disease (Chaussabel et al. 2010). In addition, blood 
can be extracted, stored and processed easily, making it one of the most favorable tissues for 
studying human immunity at the systems-level. To date, hundreds of blood transcriptomic 
experiments were performed and many more are underway. However, due to its inherent 
heterogeneity, the analysis of gene expression data from blood is challenging.

A common dilemma when designing blood transcriptomic studies involves the choice of 
sample types to be screened (Nakaya and Pulendran 2012). Blood (e.g. whole blood or periph-
eral blood mononuclear cells, PBMCs) is composed of multiple cell lineages in different states 
of activation and differentiation (Pulendran et al. 2010). In response to a stimulus (e.g. infec-
tion or vaccination), different cell subsets can proliferate, migrate, and die in a dynamic and 
interdependent fashion. Therefore, transcriptional profiling of this mixed population tissue 
will capture the changes of both cellular and transcript abundance, making results difficult to 
interpret (Chaussabel et al. 2010). An alternative solution would be to measure the transcrip-
tome of isolated cell subsets, which can provide valuable mechanistic insights of specific cells 
(Nakaya et al. 2011; Grigoryev et al. 2010). Notwithstanding, the high cost and great amount 
of work associated with isolating and screening cell subsets make this approach unpractical 
and prohibitive to most clinical studies (Nakaya and Pulendran 2012).

Deconvolution methods can offer a good solution to deal with the cell-type composition 
problem of blood samples. They can be applied to accurately quantify the constituents of 
blood samples (Abbas et al. 2009) or, when cell subset frequency is known, to identify subset-
specific differential expression (Shen-Orr et al. 2010). In order to quantify the proportions of 
cells in blood, the expression signatures of each immune cell subset must be known. Assuming 
that the expression of genes in a given sample can be modeled as a linear combination of the 
expression of those genes in each of the cells in the sample, linear equations can then be used 
to fit the fractions of cell subsets to the whole blood sample’s expression (Lu et al. 2003). Gene 
signatures of immune cell subsets were collected or analyzed by many groups and can be 
used to deconvolute blood transcriptomic data (Abbas et al. 2005; Palmer et al. 2006; Miller et 
al. 2012; Shaffer et al. 2001). The second deconvolution method requires known or estimated 
frequencies of cell types in order to perform cell type–specific differential expression analysis 
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(Shen-Orr et al. 2010). Two caveats of these methods are that (1) the immune cell types are 
ambiguously defined, and (2) flow cytometry data and microarray expression were shown to 
be poorly correlated (Hyatt et al. 2006).

Other methods developed to analyze blood microarray data compare blood signatures to 
previously defined gene sets or modules of particular a cell type (Nakaya et al. 2011; Berry et al. 
2010; Chaussabel et al. 2008). Transcriptional modules defined by genes coordinately 
expressed in multiple blood transcriptomic studies were successfully used to classify disease 
activity (Berry et al. 2010; Chaussabel et al. 2008). Using an alternative approach, our group 
first identified the gene signatures of the main peripheral blood mononuclear cells (i.e. mono-
cytes, myeloid dendritic cells, plasmacytoid dendritic cells, B cells, T cells, and NK cells) and 
then compared these immune signatures to the genes identified in our blood transcriptomics 
analysis in order to find significant enrichment of specific cell types (Nakaya et al. 2011). 
Another computational method, developed by Bolen et al. (2011) attempts to predict the most 
likely cellular source for a predefined gene expression signature using only the transcrip-
tional profiling data from total PBMCs.

5 SYSTEMS BIOLOGY OF INFECTIOUS DISEASES

Investigating the complex interactions and changes that occur during infection or expo-
sure to a pathogen can help us answer many questions about microbes and the immune 
system. What are the factors and mechanisms that protect cells from being infected or that 
prevent a virus from efficiently replicating inside a cell? Which signaling pathways need to be 
activated or repressed to mount an effective T cell response? How do pathogens successfully 
avoid host recognition or their destruction by host immune cells? Why are some individuals 
susceptible to certain pathogens while others are not? The list of questions is long and many 
others will arise once we start unraveling the mechanisms of infectious diseases.

Systems-biology provides the most straightforward approach for global modeling of 
microbial pathogenesis. Figure 15.3 shows examples of experimental designs and strate-
gies. In general, high-throughput technologies are used to measure the behavior of all the 
components of immune system cells or tissues during an infection. Computational and 
mathematical models are then constructed, validated, and analyzed using this data, and 
key networks of interactions are identified. At last, this approach can suggest novel func-
tional properties and be able to predict the most informative sets of future experiments 
(Young et al. 2008).

Investigating the molecular interactions between a pathogen and the host can also be per-
formed at systems-level. To be able to sense viruses, bacteria, parasites, or fungi, the cells of the 
innate immune system express the so-called pattern recognition receptors (Pulendran et al. 2010). 
In an elegant example of network modeling performed by Amit et al. (2009), the authors recon-
structed, in an unbiased way, the transcriptional networks triggered by five pathogen-derived 
components, including the adjuvant CpG, a synthetic single-stranded DNA that binds to toll-
like receptor 9. They also constructed a model that associated regulators with their targets by 
systematically silencing the expression of most of the candidate regulators in combination with 
gene expression profiling (Amit et al. 2009). Using a perfect example of systems-biology 
approach (i.e. the systematic perturbation of the system, the measurements of its effect on global 



 5 SYSTEMS BIOLOGY OF INFECTIOUS DISEASES 341

scale, and the mathematical modeling to explain or predict the data), Amit et al. found that dif-
ferent regulatory arms control two key programs related to inflammatory response and antiviral 
response (Amit et al. 2009).

Modeling infections at the population-level poses a great challenge to epidemiologists, 
immunologists, and computational scientists. The underlying assumption of most studies of 
host–pathogen and host-host interactions is that the human population can be treated as a 
homogenous group. However, models generated under such assumption tend to provide a 
poor fit to observed data and many times fail to make correct predictions (Young et al. 2008). 
Therefore, it is critical that individual variation be taken into account when modeling host 
responses.

As we will see in the following sections, the appropriate mathematical or computational 
model can vary greatly. Modeling methods, such as ordinary and partial differential 

FIGURE 15.3 Systems-biology approaches applied to investigate host-pathogen interactions. Different host-
pathogen models of infection or vaccination are shown in the central circle. The various types of analyses that can be 
exploited to holistically assess and predict these interactions are shown in the outer circle.



342 15. SYSTEMS BIOLOGY OF INFECTIOUS DISEASES AND VACCINES 

equations (Kell 2006; Fell 1992), stochastic schemes (Arkin et al. 1998), petri nets (Goss and 
Peccoud 1998), and Boolean logic (Watterson and Ghazal 2010) can be potentially applied to 
understand the regulatory circuitries involved in response to infections. The choice of the 
method relies, in part, on the type of data and on the dynamics that are under consideration 
(Young et al. 2008).

5.1 Viral infections

According to the World Health Organization (WHO), seasonal influenza epidemics occur 
yearly, resulting in 250,000 to 500,000 annual deaths worldwide. Due to this great public 
health threat, influenza virus infection is being thoroughly investigated through systems 
biology approaches. In a study by Huang et al. (2011), the authors analyzed the dynamics of 
host molecular responses that differentiate symptomatic and asymptomatic influenza infec-
tion. They challenged 17 healthy adults with live influenza virus and measured the blood 
transcriptomic changes that occur at 16 timepoints over 132 hours. While symptomatic hosts 
invoked multiple antiviral and inflammatory responses related to virus-induced oxidative 
stress, asymptomatic subjects exhibited elevated expression of genes that function in anti-
oxidant responses and cell-mediated responses (Huang et al. 2011). A standard linear mixed 
model was used to estimate the correlation between the temporal expression patterns of clus-
ters of genes (clustered by Self-Organizing Map) and the disease symptom scores (defined by 
a standardized symptom scoring system) (Huang et al. 2011). Unsupervised analyses (i.e. that 
did not require prior class information) were performed using Bayesian Linear Unmixing, 
revealing that the gene signature of symptomatic infection was strong enough to separate 
subjects into these two clinical phenotypes (in this case, “symptomatic” and “asymptomatic”) 
(Huang et al. 2011).

However, host responses triggered by influenza infection will be contingent upon the cell 
type that is being infected and, of course, by the strain of the virus. One of these strains (the 
“1918 influenza virus strain”) killed an estimated 50 million people during the “Spanish 
influenza” pandemics of 1918 and was recently reconstructed by modern reverse genetics 
techniques (Billharz et al. 2009). Billharz et al. performed systems-level analyses of human 
lung epithelial cells infected in vitro with 1918 virus to define the global host transcriptional 
response to this influenza strain (Billharz et al. 2009). Differentially expressed genes were 
identified by creating ratio profiles by combining replicates and applying error weighting 
(consisting in adjusting for additive and multiplicative noise) (Billharz et al. 2009). For that, 
they utilized the Rosetta Resolver system, a multi-user system for storage and analysis of 
gene expression microarray data (http://www.lgtc.nl/rosetta/). This approach revealed that 
the protein NS1 of the 1918 virus must block host interferon and lipid metabolism signaling 
pathways, both of which important for host antiviral response (Billharz et al. 2009).

Systems biology of influenza infection was also studied in animal models. In order to deter-
mine the factors responsible for the increased virulence of the 1918 influenza strain, Kash et al. 
performed a comprehensive genomic analysis of mice infected with the reconstructed 1918 
influenza virus (Kash et al. 2006). Among their findings, they discovered that the increased and 
accelerated activation of host immune response genes caused by influenza infection were asso-
ciated with severe pulmonary pathology (Kash et al. 2006). The pathogenicity of 1918 virus was 
also assessed in primates by gene expression microarrays (Kobasa et al. 2007). In their work, 
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they showed the severity and outcome of infection by the 1918 virus can be associated to a 
dysregulation of the antiviral response genes, such as DDX58 and IFIH1 (Kobasa et al. 2007).

Infection by the human immunodeficiency virus (HIV) has also been heavily studied by 
systems biology approaches. A common theme for several of these studies was toward the 
understanding of HIV disease progression, utilizing for that cohorts of rare individuals who 
could naturally control HIV infection. These so-called elite controllers, despite detectable 
viral loads could prevent the progression of the disease for long periods of time even in the 
absence of treatment (Peretz et al. 2012). Distinct transcriptional profiles were identified in T 
cell subsets and intestinal mucosal tissue of elite controllers compared to disease progressors 
(the main findings of these studies were extensively reviewed by Peretz et al. (2012) and 
Fonseca et al. (2011)).

Genome-scale RNAi screens were also conducted by independent groups to discover the 
cellular factors associated with HIV replication (Konig et al. 2008; Brass et al. 2008; Zhou et al. 
2008). Although many of the cellular factors identified by each group were previously impli-
cated in HIV replication, a surprisingly low overlap was found between any pair of screens 
(Bushman et al. 2009). Nevertheless, when host factors that participate in similar cellular 
processes were grouped, the overlap between pair of screens increased (Bushman et al. 2009). 
This indicates that functional analysis approaches can provide a less biased and less noisy 
representation of global changes than traditional single gene analysis. Additionally, network 
analyses were performed by Bushman et al. (2009) and Konig et al. (2008) in order to reveal 
how the host cellular factors interact with each other and with the HIV-encoded proteins. The 
interaction networks were elucidated based upon protein-protein binding data derived from 
databases containing experimental and literature-curated data (e.g. Bind, MINT, Reactome, 
Y2H, NIAD, etc.) (Konig et al. 2008; Bushman et al. 2009). To further identify densely con-
nected sub-networks within this interactome map, MCODE (Bader and Hogue 2003), a graph 
theoretic clustering algorithm, was utilized.

Genomic studies of lesser known viruses can indicate potential application of alternative 
drugs and biologic therapies. Transcriptomic analysis of mice infected with Chikungunya 
virus, a mosquito-borne alphavirus that causes a chronic debilitating polyarthralgia/polyar-
thritis in humans, was recently performed by our group (Nakaya et al. 2012). Our goal was to 
determine whether the inflammatory gene expression signature of Chikungunya arthritis 
showed any similarities with human rheumatoid arthritis (RA) or with a mouse model of RA. 
The rationale behind this was to assess whether drugs developed for rheumatoid arthritis 
might be useful in the treatment of alphavirus-induced arthritis, for which current treatments 
are often inadequate. First, genes significantly induced or repressed post-infection were iden-
tified by a statistical framework described by Ling et al. (2010). Their method relies on an 
iterative procedure to perform robust estimation of the null hypothesis (assuming that the 
gene expression background difference is normally distributed), and allowing the identifica-
tion of differentially expressed genes as outliers (Ling et al. 2010). Next, gene set enrichment 
analysis (Subramanian et al. 2005) was used to show a highly significant overlap in the dif-
ferentially expressed genes in the Chikungunya arthritis model and in RA, suggesting that 
RA, a chronic autoimmune arthritis, and Chikungunya disease, indeed share multiple inflam-
matory processes (Nakaya et al. 2012).

Finally, a systematic comparison of published transcriptional-profiling data from 32 stud-
ies that involved 77 interactions between different host and pathogens (mostly viruses) were 
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performed by (Jenner and Young 2005). This meta-analysis yielded not only novel and unique 
insights about microbial pathogenesis, but also revealed a common host-transcriptional-
response, comprised of genes that seem to be similarly induced in many different cell types 
exposed to several pathogen species (Jenner and Young 2005). As expected, this common host 
response was enriched for genes associated with inflammatory processes, interferon response 
and genes that are known to activate or limit the immune responses (Jenner and Young 2005). 
However, the host–pathogen interactions described there, combined with further interactome 
data can be extremely useful to reconstruct the regulatory networks that underlie the tran-
scriptional response to infection (Jenner and Young 2005).

5.2 Bacterial infections

Each pathogenic bacterium interacts with the host in a unique and specific way. Ramilo 
et al. addressed this issue by analyzing the gene expression profiles of subjects with 
acute infections caused by four common pathogens: Escherichia coli, Staphylococcus aureus, 
Streptococcus pneumonia, and influenza A virus (Ramilo et al. 2007). Applying nonparamet-
ric univariate tests, such as Mann-Whitney U or Fisher exact test, they first ranked genes 
on the basis of their ability to discriminate between groups of patients infected with the 
same pathogen, and then used a K-Nearest Neighbors method to determine the discrimina-
tory power of the top ranked (i.e. classifier) genes (Ramilo et al. 2007). Using this strategy, 
they were able to identify discriminative blood transcriptional signatures, and demonstrate 
the potential clinical application of gene signatures in the diagnosis of infectious diseases 
(Ramilo et al. 2007).

Banchereau et al. also characterized the whole blood transcriptome of patients infected 
with S. aureus (Banchereau et al. 2012). In this work, however, they examined how the diverse 
clinical manifestations of the disease impact the blood gene signatures. To examine the het-
erogeneity in the blood signatures and then identify the factors associated with such varia-
tion, the authors calculated a “Molecular Distance To Health” score (MDTH) for each 
individual patient (Banchereau et al. 2012). The MDTH was introduced by Pankla et al. (2009) 
while analyzing the blood transcriptomics of patients with septicemic melioidosis (caused by 
the gram-negative bacillus Burkholderia pseudomallei). Figure 15.4 summarizes how the MDTH 
can be calculated. Using the MDTH score and blood transcription modules, Banchereau et al 
provided a new understanding of the relation/interaction between host response and clinical 
disease manifestations to S. aureus (Banchereau et al. 2012).

Of the clinically relevant bacterial infections, tuberculosis (TB), caused by Mycobacterium 
tuberculosis is by far among the top ones. The WHO estimated that, in 2011, 1.4 million people 
died from TB and 8.7 million fell ill. A much greater number of people are infected with M. 
tuberculosis but remain asymptomatic (latent TB). Since current tests fail to identify subjects 
with latent TB that will develop the disease, Berry et al tried to address if blood transcript 
signatures could perform this task (Berry et al. 2010). In their work, they defined a distinct 
393-transcript signature in patients with active TB that was then applied to predict if latent TB 
patients, from two independent cohorts would develop active disease (Berry et al. 2010). The 
k-nearest neighbor class prediction method they used gave sensitivity and specificity rates 
higher than 60% and 90%, respectively for both test and validation cohorts (Berry et al. 2010). 
Additionally, they utilized blood co-transcriptional gene modules (Chaussabel et al. 2008) to 
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identify functional components of the transcriptional host response during active TB (Berry 
et al. 2010). Combining the modular TB signature with flow cytometry data, they revealed 
that the TB signature detected a neutrophil-driven interferon-inducible gene profile and that 
it also includes changes in cellular composition (Berry et al. 2010).

Additionally, Magombedze and Mulder investigated the TB latency dynamics through a 
meta-analysis with publicly available gene expression data from time course experiments 
(Magombedze and Mulder 2012). They utilized reverse network engineering techniques to 
predict gene dependencies and regulatory interactions, and constructed a mathematical 
model for the inferred gene regulatory networks. Their systems biology approach predicted 
interesting key TB genes, such as Rv1370c and Rv3131 in the latency/dormancy program 
that could be targeted as potential latency drug candidates (Magombedze and Mulder 
2012). Hecker et al. (2009) and Marbach et al. (2010) nicely reviewed reverse engineering 

FIGURE 15.4 Molecular distance to health (MDTH). This score measures the global transcriptional perturba-
tion in each patient compared to the median of healthy controls.
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techniques that can be used to predict unknown interaction networks based on high-
throughput gene expression data. Figure 15.5 illustrates a simple example of network 
reconstruction.

In order to provide insights about different infection strategies of pathogens, Tekir et al. 
analyzed > 23,000 pathogen–human protein interactions, downloaded from PHISTO search 
tool (http://www.phisto.org) (Durmus Tekir et al. 2012). In their comprehensive analysis, 
they observed a higher connectivity of human proteins that are targeted by bacteria and 
viruses compared to those that are not (Durmus Tekir et al. 2012). Also, while bacteria seem 
to interact with human proteins associated with immunological defense mechanisms, viruses 
seem to interact with human cellular processes related to transcriptional machinery (Durmus 
Tekir et al. 2012).

5.3 Infection caused by other organisms

Malaria is one of the greatest public health problems worldwide and has been extensively 
studied by systems biology approaches. The transcriptional activity of Plasmodium genome, 
the parasite protozoan that causes malaria, was assessed during human blood stage by next-
generation sequencing (Otto et al. 2010), tiling microrrays (Broadbent et al. 2011), and custom-
made Affymetrix chips (Daily et al. 2007). Daily et al. (2007) compared the expression profiles 
of parasites derived directly from venous blood samples of patients to the ones obtained in vitro 
by other groups. Using a non-negative matrix factorization algorithm, they clustered the in vivo 
expression profiles into three distinct groups, and discovered that only one of them was similar 
to early ring-stage in vitro profiles (Daily et al. 2007). The other two clusters were not similar to 
those of either early or late in vitro stages, and therefore could represent novel transcriptional 
states (Daily et al. 2007). Their work has shown that the molecular signatures of the parasite 
in vivo can be different from the ones found in in vitro models, and that this can influence the 
development of novel drug targets or alternative therapies for malaria (Daily et al. 2007).

FIGURE 15.5 Example of gene regulatory network reconstruction. Interactome data (e.g. protein-protein, pro-
tein-DNA) is used to construct a ‘master’ network which delineates all the connections that exist between compo-
nents. These connections are then confirmed on the basis of correlation network analysis from different gene-expression 
profiling studies, where if the correlation coefficient between two genes is above a given threshold they are predicted 
to interact. The network can be decomposed into network sub-modules by topology or connectivity.
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Most host-pathogen studies have focused on monitoring the changes that occur either on 
the host side or on the pathogen side. Tierney et al approached this differently (Tierney et al. 
2012). The authors quantified the gene expression dynamics of both Candida albicans (fungal 
pathogen) and Mus musculus (host) during phagocytosis by dendritic cells using RNA-seq 
(Tierney et al. 2012). In order to generate the inferred regulatory network, they combined the 
expression kinetics of candidate genes (prioritized with a specific set of criteria) and the puta-
tive regulatory interactions obtained from different data sources (and scored based on the 
“confidence” of the prior knowledge source) (Tierney et al. 2012). As a result, they were able 
to identify novel interspecies host-pathogen interactions, and validate experimentally some 
of them (Tierney et al. 2012).

6 SYSTEMS VACCINOLOGY

The emerging field of systems vaccinology represents a stepping stone for understand-
ing how vaccine-induced immunity works. This would be of paramount importance in the 
rational design of future vaccines (Pulendran et al. 2010), breaking up several centuries of 
empirically designed vaccines. The major goals are to unravel the molecular mechanisms of 
vaccines and to identify signatures that correlate or predict vaccine immunogenicity and/or 
disease protection (Nakaya et al. 2012). These can only be achieved through the use of high-
throughput technologies to monitor all the parts of immune system and with computational 
modeling to analyze the complex interactions between these parts (Nakaya and Pulendran 
2012).

Recently, systems vaccinology has been successfully applied to study empirically 
designed vaccines and is beginning to yield mechanistic insights about immune regulation 
(Nakaya and Pulendran 2012). However, the successful integration of systems approaches 
with vaccine development still faces several challenges and potential pitfalls. The biologi-
cal complexity underlying the immune system itself, and the intrinsic noise, bias, and 
errors of data generated by high-throughput techniques cause major challenges (Nakaya 
and Pulendran 2012). Others factors, such as prior immunological history and ethics, rep-
resent different challenges that are inherent (and sometimes unique) to this field of 
research.

6.1 Yellow fever vaccine

The Yellow Fever YF-17D vaccine is a live attenuated virus vaccine, and is one of the most 
successful vaccines ever developed. A single immunization confers protection in nearly 90% 
of vaccinees and results in strong T cell response (both cytototoxic T cells and helper T cells) 
and in robust neutralizing antibody response that can persist for nearly 40 years (Pulendran 
et al. 2010). Therefore, it is no surprise that YF-17D is among the first vaccines to be studied 
by systems vaccinology (Gaucher et al. 2008; Querec et al. 2009). In order to obtain biological 
insights about the mechanism of action of this vaccine, our group (Querec et al. 2009) and 
others (Gaucher et al. 2008) independently analyzed the gene expression profiles induced 
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in the blood of individuals a few days after YF-17D vaccination. These analyses revealed 
innate gene signatures composed of type I interferon, inflammasome, and complement genes 
(Gaucher et al. 2008; Querec et al. 2009). We also identified two key transcription factors 
that mediate type I interferon responses, IRF7 and STAT1 as being up-regulated post-YF-17D 
vaccination (Querec et al. 2009). Additional analyses revealed statistically over-represented 
frequencies of IRF7 transcription factor binding sites in the promoters region of differen-
tially expressed genes, indicating its importance and central role in YF-17D vaccine response 
(Querec et al. 2009).

The second goal of our study with YF-17D vaccine was to identify early innate signatures 
that predict adaptive immune outcomes (i.e. neutralizing antibody and CD8+ T cell responses). 
However, for the YF-17D vaccine, these outcomes were not clearly defined. For instance, what 
is the minimum level of neutralizing antibody titers induced by the vaccine that is necessary 
to confer protection against subsequent exposure to the wild-type yellow fever virus? In 
addition, how much of an increase in cell frequency is considered a “sufficient” CD8+ T cell 
response? Thus, before proceeding with the predictive analyses, we should first deal with the 
lack of such well-defined “correlates of protection” for YF-17D vaccine (i.e. the level of a 
given immune parameter that needs to be reached or exceeded after vaccination in order to 
assume protection). We addressed this issue by performing unsupervised principal compo-
nent analyses (using selected genes), which segregated the subjects into two distinct sub-
groups (Querec et al. 2009). A cutoff of 3% for CD8+ T cell responses and a neutralizing 
antibody titer cutoff of 170 were used to define the “correlates of immunogenicity” for YF-17D 
vaccine (Querec et al. 2009).

The challenge was to identify gene signatures that could correctly classify a second and 
independent YF-17D vaccine trial, which was collected more than 1 year after the first trial. 
Using the trial 1 as a training set and the trial 2 as a validation set, we tested two different 
classification methods: the classification to the nearest centroid, or ClaNC (Dabney 2005) and 
the discriminant analysis via mixed integer programming, or DAMIP (Lee 2007). While both 
methods correctly classified >80% of the vaccinees according to their CD8+ T cell response, 
DAMIP program achieved this precision using gene sets comprised of very few genes (called 
as ‘classification rules’) (Querec et al. 2009). DAMIP also correctly predicts the magnitude of 
B cell neutralizing antibody responses with very high accuracy (Querec et al. 2009). These 
provided a proof-of-concept demonstration that systems biology approaches can indeed be 
used to predict the immunogenicity of vaccines (Nakaya and Pulendran 2012). It also demon-
strated that the DAMIP model is a very powerful supervised-learning classification approach 
(Lee 2007), that generates classification rules with high prediction accuracy even among small 
training sets (Brooks and Lee 2010).

Potentially novel mechanistic insights of vaccine action emerged from our study with 
YF-17D vaccine (Querec et al. 2009). The gene EIF2AK4 (also known as GCN2) was fre-
quently found in the DAMIP classification rules that predict CD8+ T cell responses. When 
the cell is under certain types of cellular stresses (e.g. amino acid starvation), it phosphor-
ylates GCN2, triggering a signaling pathway that results in the shutdown of housekeeping 
mRNA genes and the formation of stress granules (Kedersha et al. 2007). Mechanistic stud-
ies using GCN2 knockout mice are being conducted by our group to investigate the role of 
GCN2 in regulating CD8+ T cell responses (Nair et al., manuscript in preparation).
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6.2 Influenza vaccines

Investigating the molecular mechanism of action of influenza vaccines proved to be 
even more challenging than the YF-17D study. In the United States, there are two types 
of licensed vaccines for seasonal influenza: trivalent inactivated influenza vaccine (TIV), 
given by intramuscular injection; and live attenuated influenza vaccine (LAIV), admin-
istered intranasally. Each vaccine contains three strains of influenza viruses which are 
selected each year on the basis of the results of the Global Influenza Surveillance and 
Response System (more information can be found at http://www.influenzacentre.org). 
Therefore, depending on the antigenic match between the vaccine and the circulating influ-
enza strains, the vaccine efficacy can significantly vary from one year to the next (Nakaya 
et al. 2011). Additionally, unlike the subjects used in the YF-17D study, most individu-
als vaccinated against seasonal influenza have already been exposed to the virus through 
previous infections or vaccinations (Nakaya et al. 2011). It is unclear how the preexisting 
levels of antibody in these non-naïve subjects would impact the search for predictors of 
vaccine immunogenicity.

To determine on a genome-wide scale the expression changes induced by TIV or LAIV vac-
cination, we did microarray analysis using peripheral blood mononuclear cells (PBMCs) col-
lected from 56 vaccinees on days 0, 3, and 7 after vaccination. Pathway analyses revealed that 
the expression of genes from inflammasome and antimicrobial pathways was similarly 
altered by both influenza vaccines (Nakaya et al. 2011). LAIV induced the expression of sev-
eral interferon-related genes, similar to that observed with the other live attenuated virus 
vaccine YF-17D. TIV, however, induced a signature that was characteristic of plasma B cell 
response (Nakaya et al. 2011).

The DAMIP method was used to identify innate gene signatures that predict the antibody 
responses induced one month after vaccination (Nakaya et al. 2011). To train the program to 
establish an unbiased estimate of correct classification, we utilized the expression profiles of 
subjects vaccinated with TIV during the 2008-2009 influenza season (Figure 15.6). A second 
trial (the test set) consisting of gene-expression profiles of TIV vaccinees from 2007-2008 influ-
enza season was used to evaluate the predictive accuracy of the classification rules identified 
in the first trial. With this approach, DAMIP model generated signatures with a tenfold cross-
validation accuracy of > 90% in the training trial and a “blind prediction” accuracy also > 90% 
for the testing trial (Nakaya et al. 2011). To validate the utility of these gene signatures in 
predicting the magnitude of antibody response, we included a third trial comprised of TIV 
vaccinees from the 2009-2010 influenza season. Again, DAMIP was able to generate signa-
tures that classify with 85% accuracy the vaccinees with high (i.e. four-fold or higher increase 
in antibody titers 30 days after vaccination) or low (less than four-fold) antibody responses 
(Nakaya et al. 2011).

To demonstrate that systems vaccinology can be used to generate new hypotheses, we 
selected one gene from our classification rules, CAMK4, for functional confirmation experi-
ments. Using in vitro experiments and mice deficient in CAMK4, we demonstrated an 
unappreciated role of CAMK4 in B-cell responses (Nakaya et al. 2011). Thus, by using a 
knockout mouse model to validate the signatures identified from vaccinated humans, our 
study was the first to complete the iterative systems vaccinology cycle (Zak and Aderem 
2012).
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Analyses of the global transcriptional response to influenza vaccination were also per-
formed by others (Bucasas et al. 2011; Zhu et al. 2010). Zhu et al. conducted a study with 85 
children 12–35 months of age vaccinated either with TIV or LAIV, and found that among the 
genes induced by the vaccines, several of them were type 1 interferon genes (Zhu et al. 2010). 
Bucasa et al. also identified interferon-related genes being induced 24 hours post-TIV immu-
nization (Bucasas et al. 2011). Their findings suggest that even an inactivated virus vaccine 
(TIV) can elicit a type of immune response that is usually activated by innate cells during viral 
infections (Bucasas et al. 2011).

6.3 Other vaccines

Global gene expression profiling was used to investigate the molecular mechanisms of 
RTS,S candidate malaria vaccine (Vahey et al. 2010). This vaccine which is administered 

FIGURE 15.6 Signatures that predict the antibody response induced by TIV influenza vaccine. The top part 
shows the experimental design used in our previous work (Nakaya et al. 2011). The DAMIP method was used to 
identify innate gene signatures, called ‘classification rules’ that could predict the antibody responses induced 28 days 
after vaccination. DAMIP was performed using the 2008–2009 trial as the training set and the 2007–2008 and 2009–
2010 trials as the validation sets. The accuracy represents the number of subjects correctly classified as “low” or 
“high” antibody responders.
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in 3 doses at 1-month interval showed that the risk of vaccinated children experiencing 
clinical malaria is reduced by 56% (Agnandji et al. 2011). The work performed by Vahey 
et al. assessed the patterns of expressed genes in the PBMCs of 39 volunteers on the day 
of the third vaccination followed by 24 hours, 72 hours, 2 weeks after vaccination, and 
on day 5 after challenge (determined by experimental challenge with mosquito-borne 
Plasmodium falciparum malaria) (Vahey et al. 2010). The authors perform class prediction 
analyses using the “prediction analysis of microarrays with R” tool (PAM-R), which uses 
a “nearest shrunken centroids” method to identify subsets of genes that best characterize 
each class (Tibshirani et al. 2002). Using the expression data from day 5 after challenge, 
PAM-R identified a 393-gene signature that correctly classified all vaccine recipients into 
protected, delayed in the onset of parasitemia, and not delayed in the onset of parasit-
emia (Vahey et al. 2010). Next, using gene set enrichment analysis (GSEA, http://www.
broadinstitute.org), the authors identified a 32-gene set related to proteasome degrada-
tion pathway that was up-regulated in persons in the protected group at 2 weeks after the 
third vaccination but before challenge (Vahey et al. 2010). The involvement of these genes 
with the efficient processing of the MHC peptides suggests a potential role of the vaccine 
in conferring major histocompatibility complex class 1–mediated protection (Vahey et al. 
2010).

7 CHALLENGES AND LIMITATIONS

The application of systems biology approaches to any field, especially that of immunology, 
faces many challenges and potential limitations. These challenges, which have been exten-
sively reviewed elsewhere (Nakaya et al. 2012; Nakaya and Pulendran 2012; Pulendran et al. 
2010; Young et al. 2008), are in part related to confounding factors generally found in study-
ing immune responses. These factors can be divided into different levels, from working with 
highly heterogeneous human cohorts to reconstructing networks using specific experimental 
data (Figure 15.7). This section will not focus on the inherent problems associated with high-
throughput technologies, such as errors, noise, and biases that, if not corrected, may affect 
downstream analyses (Nakaya and Pulendran 2012). Nor will it focus on the intrinsic varia-
tion introduced by the stochasticity of many biological processes, such as transcription ini-
tiation, translation, and posttranscriptional regulation mechanisms inside cells. Instead, this 
section will address some of the challenges associated with analyzing the system behavior of 
immune responses.

One of the first and most critical steps is the experimental design itself. In general, due to 
the high costs of performing high-throughput experiments, systems biology studies are com-
prised of relatively small cohorts and limited number of samples (and time points). In addi-
tion to minimal sample sizes for achieving statistical power, the challenge consists of selecting 
volunteers that will be part of the cohort. The human population, and therefore their immune 
responses, is incredibly heterogeneous. Of the many factors that could impact someone’s 
immunological outcome, we can cite gender, ethnicity, age, stress status, vaccination history, 
prior and current disease conditions, genetic background, and baseline levels of immune 
parameters (Figure 15.7). Therefore, systems biology studies should be performed on cohorts 
that are relatively uniform with respect to such variables (Nakaya and Pulendran 2012). 
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Conversely, if the goal of the study is to examine immune responses that differ with regard to 
specific age groups (e.g. young adults versus elderly versus infants), or geographical or eth-
nic origins, or disease states (e.g. healthy subjects versus those with autoimmune diseases or 
HIV), then the design must carefully control all the other variables (Nakaya and Pulendran 
2012).

The choice of time points at which to track the kinects of immune responses can be a very 
difficult task. Innate responses can be detected a few hours after encountering a pathogen and 
may be comprised of waves of genes expressed in a tightly regulated time-frame (Granucci et al. 

FIGURE 15.7 Potential confounding factors when investigating immune responses at systems-level.
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2001). Similarly, during adaptive immune responses, the levels and frequencies of genes and 
cell types constantly and specifically change over the course of a few days to years (Perelson 
2002). Therefore, the choice of time points for an experimental design may considerably 
impact the applicability of mathematical models created to describe the dynamics of immune 
responses.

Finally, a better understanding of the functional principles and dynamics of cellular sys-
tems can only be achieved with the integration of multiple layers of information, derived.
from distinct ‘omics’ analyses (genomics, transcriptomics, proteomics, interactomics etc.) 
(Nakaya et al. 2012). However, the integration of genome-scale data types is not a trivial task. 
Many software packages were developed for this purpose, and some of them were summa-
rized by (Joyce and Palsson 2006). The integration is generally approached by (1) delineating 
all the connections that exist between cellular components and constructing a ‘master’ net-
work scaffold; (2) decomposing the network scaffold into network sub-modules; and (3) 
developing models to simulate and predict the network behavior under specific conditions 
(Joyce and Palsson 2006). After the many technical, computational, and biological issues are 
overcome, multi‘omics’ analyses can provide a bigger picture of the intricate and complex 
mechanisms of immune responses (Nakaya et al. 2012).

8 CONCLUSIONS

This chapter showed how systems biology can be used to understand and predict the 
complex mechanisms underlying immune responses. The development of testable predictive 
models of infectious diseases can potentially lead to improvements in diagnosis and disease 
therapy. When applied to vaccinology, it could enable the rational design of vaccines or to 
improvements on existing ones. However, the next big step lies not in the acquisition of addi-
tional data but in how to transform it into meaningful knowledge.

With the continuous development of computational and informatics tools to integrate and 
to analyze ‘omics’ data, and combined with the large amount of information shared in public 
databases, systems biology analysis is becoming increasingly accessible to immunologists 
with no computational training. This may have a profound impact on data interpretation and 
on the design of innovative experiments. More importantly, it will reduce the gap between 
discovery-based science and translational science.
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