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CHAPTER

Genomic Approaches to
the Host Response to Pathogens

M. Frances Shannon

INTRODUCTION

Following a period of relative disinterest in infectious disease
research due to the enormous impact of vaccines and antibiotics
on the spread of and mortality from these diseases, there is now
renewed and growing interest in this area of research. This has
been driven by several recent worldwide developments includ-
ing: (i) the rising incidence of diseases such as Acquired Immune
Deficiency Syndrome (AIDS) and antibiotic-resistant tubercu-
losis; (ii) antibiotic-resistant bacterial strains presenting a severe
health threat in hospitals; (iii) the rapid spread of new pathogens
such as Severe Acute Respiratory Syndrome (SARS); and (iv)
the threat of bioterrorism. Indeed, nearly 25% of annual deaths
worldwide are due to infectious disease (Morens et al., 2004).
Thus, the need to develop new diagnostic methods, more effec-
tive vaccines and better therapeutic strategies is urgent.

In order to effectively deal with infectious disease threats, it
is important to understand both the pathogen and the response
of the host, since the outcome of infection is determined by
complex host—pathogen interactions. Pathogens are initially
detected by the surveillance cells of the innate immune system
using cell surface receptors known as Toll-like receptors (TLRs)
(reviewed in [Cook et al., 2004]). These TLRs recognize specific
components of the pathogen, for example, bacterial lipopolysac-
charide (LPS) or double-stranded (ds) RINA from viruses. While
many cell types express TLRs, cells of the innate immune system
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such as dendritic cells (DCs) and macrophages play particularly
important roles in detecting and responding to pathogens. The
response of these cells to a pathogen is determined by the specific
pathogen component that interacts with the TLR and the specific
TLR family member that is activated. Widespread changes in gene
expression are detected following TLR activation and the acti-
vated cells produce a plethora of cytokines and chemokines that
then activate the adaptive arm of the immune system. The specific
cytokines and chemokines produced by the TLR-activated cells
tailor the response of the adaptive immune system to deal with
the specific pathogen (Cook et al., 2004). Thus, the initial host
response to a pathogen through the TLRs determines the outcome
of the infection. Host response to infection can be a double-edged
sword in that sometimes the response itself can create an adverse
outcome for the host. In addition, the aberrant response of the
host to self instead of foreign pathogens can create severe patholo-
gies involving chronic inflammatory and autoimmune diseases.

The urgent need to better understand host—pathogen inter-
actions has come at a time when genomics and related technolo-
gies are expanding rapidly. The availability of complete genomic
sequences of an expanding number of pathogens, the human
and mouse genome sequences and the advent of genome-wide
genotyping and gene expression profiling has opened up new
avenues of investigation in the field.

The genotype of the pathogen plays a major role in the
response of the host to infection with more virulent pathogenic
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strains often possessing the capability to interfere with the host
immune response (Fitzgerald and Musser, 2001; Kato-Maeda
et al., 2001; Schoolnik, 2002). In addition, different individuals
in a population can have very different responses to a genetically
identical pathogen. While there are many complex reasons for
this, it is clear that part of the differential response is governed
by underlying genetic differences between individuals (Clementi
and Di Gianantonio, 2006; Zhang and Zhang, 2006). Studies in
mouse models of infection have clearly demonstrated that these
genetic differences are complex and may involve more than one
genetic locus for a given susceptibility or resistance trait (e.g.,
[Delahaye et al., 2006]). While there are some classic examples of
genetic mutations affecting the response of the host to a path-
ogen (e.g., malaria and sickle cell mutations) there is much
to be learned before the genetics of host susceptibility is fully
understood. The advent of genome-wide genotyping using sin-
gle nucleotide polymorphisms (SNPs) or microsatellite mark-
ers, leading to major advances in molecular epidemiology, will
revolutionize our ability to determine the complexities of the
genetic component of pathogen—host interactions (Weiss and
Terwilliger, 2000).

It is well known that the cells of the host immune system
are activated upon detection of a pathogen by TLRs as described
above. This activation process includes widespread changes in
the gene expression profile of the cells with hundreds of genes
being either switched on or off in response to signals gener-
ated from the pathogen-detecting TLRs. The response of indi-
vidual genes has been studied in minute detail for a handful of
genes and while this has produced an understanding of some
aspects of host response to infection it by no means gives us
the total picture. Understanding the molecular response of the
host to infection has been greatly improved by using microar-
ray-based technologies and these technologies are opening up
new diagnostic possibilities as well as presenting new therapeu-
tic options (Aderem and Smith, 2004; Bryant et al., 2004; Feezor
et al., 2005; Hedeler et al., 2006; Korth and Katze, 2002; Ng
et al.,, 2006; Ricciardi-Castagnoli, 2005; Ricciardi-Castagnoli
and Granucci, 2002; Smith and Bolouri, 2005).

This chapter will focus on two aspects of the host response
to pathogens where major advances are being made using
genomics approaches and will describe the future impact of
these approaches on the development of diagnostics and thera-
peutics for infectious disease. These are (i) defining the basis of
genetic susceptibility to infection and (ii) the definition of the
system-wide molecular response to a pathogen.

GENETIC SUSCEPTIBILITY TO
PATHOGENS

It is now relatively easy to map genes associated with genetic
diseases that show a Mendelian pattern of inheritance. However,
these diseases account for only a very small proportion of the
human disease burden and many of the more common and
fatal diseases have a complex etiology with many genetic and
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environmental contributions. While it is clear that most complex
disease has a genetic component, defining that genetic com-
ponent has been difficult to date since many complex diseases
such as coronary heart disease, diabetes and others are polygenic
with different genetic loci contributing in major or minor ways
to disease susceptibility. In addition, in different populations or
under different environmental conditions, distinct but overlap-
ping sets of genetic loci are likely to contribute. The sequencing
of the human genome and the genome-wide genetic and func-
tional mapping that has followed have raised hopes of mapping
the genetic component of complex disease and there are many
large efforts around the world with this aim.

Studies in both animal models and human populations
have shown that infectious disease and the response of the
host to a specific infection also has a complex genetic com-
ponent (Clementi and Di Gianantonio, 2006; Lipoldova and
Demant, 2006; Marquet et al., 1996; Mira et al., 2004). Thus,
inbred mouse models have been developed that clearly show a
genetic component to susceptibility for specific pathogens and
in some cases at least part of the underlying genetic reason has
been defined (Beck et al., 2000; Mak et al., 2001; Rogner and
Avner, 2003). Mapping the genetic components of susceptibility
to infection in human populations has been much more difti-
cult due to the large natural variation in humans, the polygenic
nature of this trait and the low penetrance of many of the sus-
ceptibility alleles. For infectious disease, this is complicated even
more by the complex nature of the environmental influences
particularly the fact that these diseases, unlike other complex
diseases, are transmissible in populations. However, a combina-
tion of animal and human population studies, combined with
the latest genomic technologies, is beginning to unravel the
issues of genetic susceptibility to infection.

The use of inbred and congenic strains of mice are well
established systems for identifying susceptibility loci (Beck
et al., 2000; Rogner and Avner, 2003). In recent years genetic
manipulation of specific loci by deletion or mutation has pro-
vided many mouse models for screening (Mak et al., 2001).
The use of ethylnitrosourea (ENU) mutagenesis to randomly
create point mutations in the mouse genome has opened up a
new forward genetics approach to identifying susceptibility loci
(Papathanasiou and Goodnow, 2005). This chemical mutagen,
when used at appropriate doses and at the correct stage of devel-
opment, can introduce single point mutations into the mouse
genome. By screening libraries of mutant mice for susceptibility
to specific pathogens, it should be possible to identify genetic
loci that dictate susceptibility or resistance to a range of patho-
gens on a large scale. It is relatively straightforward to identify a
chromosomal region involved in susceptibility in these mouse
strains by genotyping with microsatellite markers, but identify-
ing the specific gene that is mutated is still very time-consum-
ing. The speed with which this can be achieved depends on the
presence of candidate genes within the chromosomal interval
or the ability to resequence large amounts of DNA. The latter
is becoming achievable with the advent of new rapid sequenc-
ing technologies and is set to revolutionize forward genetic
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approaches to disease understanding (Bennett et al., 2005; Serre
and Hudson, 2006).

The recent explosion in genetic information for the human
genome including the complete genome sequence and detailed
genetic and physical maps has increased our ability to find varia-
tion in the human genome and correlate it with disease. Family
studies, especially twin studies, and population studies have
clearly shown a genetic component to susceptibility to infec-
tious disease (Frodsham and Hill, 2004; Lipoldova and Demant,
2006; Strunk and Burgner, 2006). Susceptibility generally follows
a complex pattern of inheritance and there are two main meth-
ods of mapping and identifying genetic loci involved in such
complex heredity. These are either association studies or link-
age studies. Association studies involve screening populations for
specific mutations in a candidate gene(s) in case—control studies
or in family studies. This type of approach identified the link
between Human Immunodeficiency Virus (HIV) resistance and
the chemokine receptor, CCR5 described below (Dean et al.,
1996; Samson et al., 1996). Genome-wide association studies
although still quite expensive are now becoming feasible and
being used to define linkage between specific markers and sus-
ceptibility. These linkage studies depend on the availability of
markers and the density of these markers is rapidly increasing

with the large scale identification of new SNPs across the
human genome. The selection of which SNPs to use and the
large numbers of samples needed to generate statistically signifi-
cant associations for low penetrance alleles are still challenges.
The Haplotype MAP (HapMap) project is starting to identify
haplotypes within different population groups and together
with improvements in large scale genotyping technology and
bioinformatics should be useful in studies of complex disease
inheritance. Table 107.1 summarizes the best studied genetic
susceptibility loci for response to different infectious agents in
both mouse models and human studies.

One of the classical examples of genetic susceptibility to
infection is the role of the hemaglobinopathies in the outcome
of malaria infection (Patrinos et al., 2005). There are also certain
chromosomal regions and families of genes that have attracted
attention in terms of searching for susceptibility alleles or poly-
morphisms. Because the TLR family of receptors plays a major
role in recognizing pathogens, it was speculated that genetic
variation in these receptors or their signaling pathways might
be responsible for some susceptibility phenotypes (reviewed in
[Schroder and Schumann, 2005]). One of the best examples to
date is the occurrence of a single polymorphism in the region of
the human TLR4 gene encoding the extracellular domain of the

IVNIRENROZARE  List of well-described susceptibility loci for resistance or susceptibility to infectious disease.

Pathogen Genes
HIV CCR5
HLA Class I
CCR2
Malaria Globin locus
HLA Class I
TNF-o promoter
Leprosy TLR2
HLA Class I
TNF-o promoter
Legionella TLR5
Tuberculosis HLA Class I
NRAMPI/SIcllal
Typhoid fever HLA Class I
Leishmania NRAMPI/Slcllal
HLA
TNF
IFNgRI
1L-4
Salmonella NRAMPI/SIlcllal
Inhaled E. coli LPS TLR4
Pyogenic bacteria IRAK4
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receptor which confers reduced sensitivity to inhaled Escherichia
coli (E. coliy LPS (Arbour et al., 2000). Interestingly, when sep-
tic shock patients were compared with a control group, these
lower-responding alleles were found only in the septic shock
group and these individuals had a higher incidence of Gram-
negative bacterial infection (Feterowski et al., 2003). Such stud-
ies need further confirmation since there are also a number of
studies that failed to find any linkage between TLR4 mutations
and response to various infections (Schroder and Schumann,
2005). There is also enormous variation in the response of indi-
viduals to LPS even in the absence of TLR4 mutations imply-
ing that variation may occur in other components of the TLR 4
signaling system. An example of this is the link between IR AK4
mutations and increased susceptibility to infection with pyo-
genic bacteria (Picard et al., 2003).Variation in other TLR genes
has also been associated with disease susceptibility. For exam-
ple, a mutation in the extracellular domain of TLR2 is linked to
susceptibility to leprosy (Alcais et al., 2005) and a mutation in
TLR5 increases susceptibility to Legionella (Hawn et al., 2003).
Taken together these data support the idea that variation in the
innate immune recognition of pathogens play an important part
in governing susceptibility to an array of infectious diseases.
However, caution needs to be exercised until larger population
groups have been studied.

The extensive polymorphism at the chromosomal regions
encoding major histocompatibility complex (MHC) proteins is
thought to have arisen through natural selection in response to
selective pressure from infectious disease. Although human leu-
kocyte antigen (HLA) association with resistance or suscepti-
bility to infectious disease has been difficult to identify because
of the complex array of antigenic epitopes involved, a number
of studies have implicated this locus in genetic susceptibility to
infectious disease (Ghodke et al., 2005; Little and Parham, 1999).
MHC molecules fall into two classes, Class I that present for-
eign antigens to CD8+ cytotoxic T cells and Class II that play a
similar role for CD4+ helper T cells. Variation in specific Class
I genes has been shown to confer susceptibility to pulmonary
tuberculosis and to HIV whereas mutations in other Class I
genes confer resistance to HIV and to severe malaria. Class 1I
mutations that confer resistance to hepatitis B or hepatitis C
have been identified and susceptibility to typhoid fever and lep-
rosy are also associated with specific Class II mutations. Further
molecular analysis of these and other associations may in the
future have an impact on the development of new vaccines and
immunotherapeutics.

To date the most successful manner of identifying sus-
ceptibility genes in human populations has been the candi-
date gene approach. Candidate genes have emerged from many
sources including mouse genetic studies as well as biochemical
and function dissection of the immune system. Once a candi-
date gene is identified, the chromosomal region spanning this
gene in the human genome is then scanned for the occurrence
of specific mutations or for functional polymorphisms in case—
control studies across populations or in linkage studies in family
groups. Such studies have identified a number of well described
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susceptibility loci for infection with various pathogens. One
of the most heralded example was the identification of a dele-
tion in the chemokine receptor, CCR5, which was shown to
confer resistance to HIV infection (Dean et al., 1996; Samson
et al., 1996). Biochemically, this can be explained by the fact
that CCR5 is a co-receptor for HIV on the surface of T cells
(Dragic et al., 1996). A mutation in another chemokine receptor,
CCR2, has also been shown to confer HIV resistance in certain
Caucasian populations (O’Brien and Moore, 2000).

Some genes have been associated with susceptibility or
resistance to multiple pathogens. For example, variation in the
NRAMP1/Slc11al gene is associated with susceptibility to
Leishmania and to specific intracellular bacteria such as tuber-
culosis (Barton et al., 1999; Govoni et al., 1996; Lipoldova and
Demant, 2006; Sebastiani et al., 1998). Mutations in the tumor
necrosis factor (TNF) locus, mainly gene promoter muta-
tions, have been linked with malaria and leprosy susceptibil-
ity (Lipoldova and Demant, 2006). Gene promoter or control
region mutations have an impact on the level of protein pro-
duced from the gene rather than the function of the protein.
This is an area of great interest but more difficult to study for
several reasons, including the inability to identify control regions
simply from sequence information and the complexity and
flexibility of transcriptional control. A recent review detailing
the genes associated with Leishmania susceptibility describes
a number of genes that can affect disease outcome including the
interferon-gamma receptor type 1 (IFNGR1), the interleukin-4 (IL-4)
gene and the NRAMP-1/Slc11al gene (Lipoldova and Demant,
2006). These genes and others such as interleukin-12 (IL-12) and
its receptor are also linked with Salmonella and certain myco-
bacterial infections (Lipoldova and Demant, 2006). Thus, it is
likely that variation in many genes can contribute to disturbing
the finely balanced tuning of the immune system and lead to
an altered response to a pathogen. It is clear from such studies
that the same genes may be involved in susceptibility to an array
of pathogens indicating a core immune response critical for any
pathogen.

The identification of susceptibility loci for infection with
various pathogens will aid in developing new diagnostic screens
based on the detection of genetic variants in these loci. It could
be envisaged that a person’s susceptibility or resistance to a path-
ogen could be defined by a simple genotyping screen either
prior to exposure to any pathogen or upon presentation with
an infection. It may also be possible to determine the likely out-
come of the infection through a genotyping screen. The defini-
tion of susceptibility loci will also contribute to our ability to
develop new vaccines and therapeutics.

EXPLORING THE HOST RESPONSE
THROUGH EXPRESSION PROFILING

The use of microarray technology to generate expression pro-
filing data is becoming common place in biomedical research
(reviewed in [Quackenbush, 2002; Sherlock, 2000]). This
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technology allows the documentation of mRNA levels for
thousands of genes from total RNA prepared from cells or tis-
sue samples. The data obtained can be compared from sample to
sample allowing the changes between samples to be documented
and quantified. The “expression profile” for any cell or tissue is
simply the list of genes whose expression can be detected using
microarrays. The differences in the expression profile from one
cell or tissue to the next or in cells treated in a specific manner
is a surrogate measure of the cell/tissue phenotype and shows
how that phenotype responds to its environment. Expression
profiling is most useful when large datasets become available and
when the data is combined with other data types and detailed
bioinformatics studies. For example, using functional clustering
of expression profiling data can help identify pathways that are
important for a particular process and co-expression clustering
combined with other technologies can help define regulatory
networks within the cell.

Over the last 5—6 years, this technology has been applied to
identifying the changes in gene expression that occur in response
to infection by various pathogens (Aderem and Smith, 2004;
Boyce et al., 2004; Bryant et al., 2004; Feezor et al., 2005; Foti
et al., 2006; Jenner and Young, 2005; Korth and Katze, 2002;
Korth et al., 2005; Ricciardi-Castagnoli and Granucci, 2002).
To date there are more than 150 papers in the literature that
describe gene expression changes that occur in response to
infection with a plethora of pathogens and in many cell types
(reviewed in [Jenner and Young, 2005]). Many of these are in
vitro studies, taking specific cell types and infecting them with
specific agents including bacteria, viruses, parasites and yeasts.
In addition, cellular responses to bacterial components have
also been documented, helping to identify pathogen-specific
responses as well as determining the pathogenic component
responsible for the major gene expression effects. Virulent or
non-virulent strains of specific pathogens as well as mutant
organisms have been used to determine the gene expression
profile associated with a negative or positive clinical outcome.
Few in vivo studies have been carried out and have shed light on
the more complex responses seen in whole animals and helped
to validate the in vitro data.

Identifying a Common Host Response to Infection

Several pioneering studies demonstrated that microarrays could
be used to determine changes in the gene expression profile of
cells in response to virus or bacterial infection (Boldrick et al.,
2002; Gao et al., 2002; Huang et al., 2001; Nau et al., 2002).
These studies paved the way for the analysis of the host response
to a wide variety of infectious agents. The most significant of
these studies compared the response of macrophages or DCs to
a variety of infectious agents in a single study. In these studies
a strong shared response to all infections, be they bacterial, viral
or parasitic in nature, was identified. Not only was there com-
monality from one infectious agent to another but there was
also some commonality across cell types. This expression signa-
ture has been interpreted as a general “alarm signal” for infec-
tion (reviewed in [Jenner and Young, 2005]). Studies of infection

with Gram-positive and Gram-negative bacteria also revealed
a common expression signature in peripheral blood mononu-
clear cells. Recently, the Young lab has interrogated all of the
publicly available expression profiling data related to the host
response to infection (Jenner and Young, 2005). The dataset
includes 785 experiments in cells ranging from macrophages and
DCs to cells of the adaptive immune response, endothelial and
epithelial cells and spanning a wide range of infecting agents.
This meta-analysis revealed that a “common host response” can
be detected across all of these cell types and infectious agents
and show that although cells such as macrophages and DCs spe-
cialize in detecting infection, other cells of the body can mount
the same “alarm response” as described above (Figure 107.1).
Not surprisingly this expression signature contains many
genes associated with the immune system particularly those
encoding inflammatory cytokines, chemokines and their recep-
tors. However, some more surprising patterns of expression
were also detected. It has been long known that interferon-stim-
ulated genes (ISGs) are regulated by virus infection, but it has
only recently been recognized that bacteria and other infecting
agents can also illicit the interferon response. This was borne
out in these meta-analyses where upregulation of an ISG set is
observed across a broad range of infecting agents and cell types.
Not only do these cells change the expression of secreted
factors and their receptors during infection but the intracellu-
lar milieu is also modified. Once again, there is a common pat-
tern of change observed in all of these studies. The upregulation
of signaling and transcription pathways that both augment and
attenuate the immune response are observed leading to the
interpretation that both positive and negative feedback loops
operate within the cell to heighten or dampen the immune
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response. Temporal profiling can reveal extra layers of complex-
ity and in one study a pro-inflammatory profile followed by an
anti-inflammatory profile was identified in macrophages acti-
vated with LPS (Wells et al., 2005). Meta-analysis of temporal
studies of activation through different TLRs also revealed that
the inflammatory chemokines/cytokine signature was an early
response while the ISG response was later, presumably reflecting
the need for an indirect activation of the ISGs through interferon
production (Jenner and Young, 2005). Changes in the expression
level of genes involved in both activation and repression of apop-
tosis also fall under the “common signature” banner and this is
interpreted as sending the cells into a state of high alert where
apoptosis can be either initiated to eliminate infected cells or
terminated if the infection resolves (Jenner and Young, 2005).

Although these in vitro studies have provided an overview of
the response of isolated cell types to pathogenic infection, in vivo
studies are needed to validate any of these results before applica-
tion to clinical medicine. A number of animal models have been
used to profile the host response to infection with a variety of
agents. These studies are complicated especially if whole tissue
samples are used in that changes in gene expression can result
not only from genuine changes within the cells of the tissue but
also from the recruitment especially of immune cells into the
infected or inflamed tissue. Nevertheless, in vivo studies have, in
some cases, shown good correlation with the expression profiles
found from in vitro studies. For example, profiling the brains of
mice infected with virulent Sindbis virus revealed that ISGs as
well as inflammatory chemokines were upregulated (Johnston et
al.,2001) and in terms of diagnosis or treatment the exact reason
behind these changes in expression signature may be irrelevant.
In vivo studies also have some advantages in that the gene expres-
sion profiles detected in infected tissues will often make more
sense when combined with other physiological or cell biology
data from studies of the infected host. Thus an “infection sig-
nature” would not only describe the altered gene expression of
the immune cells that are recruited to the sites of infection but
also would include changes in the gene expression of the resi-
dent cells of the tissue and may provide a more robust profile of
the infection process for use in diagnostic applications.

What can be applied to clinical medicine from these stud-
ies? The ability to detect an “infection signature” using focused
microarrays could potentially be used as a diagnostic tool. There
would be an immediate need to identify a core set of genes
with sufficiently robust changes in gene expression to form the
basis of a diagnostic array. Arraying technology would need to
be priced for diagnostic use and the technology would have
to be deemed sufficiently robust to pass all the quality control
requirements of a diagnostic laboratory. No doubt progress will
be made toward these goals in the near future.

Pathogen-Specific Responses

In addition to the “common host response” described above,
microarray studies have revealed that pathogen-specific responses
also exist. This is not surprising since it has long been known
that different pathogens induce distinct arms of the adaptive
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immune response. For example, distinct types of helper T cells
are activated in response to bacterial and viral infection com-
pared to parasite infection and DC products such as cytokines
and chemokines control the differentiation of T helper cell into
the correct response type (Mosmann et al., 2005). Thus, the
fact that cells of the innate immune system display a pathogen-
specific transcriptional response as well as a general alarm signal
helps to dictate the subsequent immune response.

Different TLRs are involved in recognizing and respond-
ing to different pathogens. For example, TLR2 is responsi-
ble for activation in response to Gram-positive bacteria while
TLR4 responds to LPS, a component of Gram-negative bacteria
(Beutler and Rietschel, 2003; Cook et al., 2004). TLR3 responds
to dsRINA and thus dictates the viral immune response for many
dsRINA viruses (Beutler and Rietschel, 2003; Cook et al., 2004).
Studies using bacterial components such as LPS and flagellin as
well as dsSRINA have revealed that each TLR induces a specific
as well as general transcriptional response. The transcriptional
response of macrophages and peripheral blood mononuclear
cells is more robust in response to Gram-negative (TLR4) com-
pared with Gram-positive (TLR2) bacteria and the ISG response
is considerably reduced for the Gram-positive expression signa-
ture (Boldrick et al., 2002; Nau et al., 2002). These differences
are further observed when bacterial components are used to
activate cells. For example, LPS from Gram-negative bacte-
ria, a specific ligand for TLR4, can activate the ISG profile but
TLR2 ligands such as LTA and MDP cannot (Jenner and Young,
2005). Not only the activation of specific gene sets but also the
strength of the specific response signature may be important for
the immune detection of the type of pathogen involved. E. coli
infection of DCs strongly upregulates the chemokines/cytokine
inflammatory cluster whereas infection with influenza or other
single stranded (ss) RINA viruses (through TLR7) has a weaker
ability to regulate this cluster but a stronger ability to regulate
the ISG signature (Huang et al., 2001; Lund et al., 2004).

These types of results raise the possibility that the diagnosis
of the type of pathogen involved in an infection would be helped
by the development of customized microarrays that could distin-
guish the gene expression profiles elicited by particular patho-
gens. Additionally, arrays that also detect RNAs produced by the
pathogen may be even more significant as a diagnostic tool.

Determining the Outcome of the Infection

An infecting agent can either be cleared from the body by the
Immune system mounting an appropriate response or cause
severe or terminal pathology. The outcome depends on a mul-
tiplicity of events ranging from the genotype of the host, that is,
whether the host displays a resistant or susceptible phenotype, the
genotype of the infectious agent, that is, virulent or non-virulent
strains and many other less defined environmental factors. Can
genomic approaches be used to determine the outcome of infec-
tion? Clearly, as discussed above, the technology is developing to
define susceptible and resistant host genotypes especially in ani-
mal models of infection but the ability to do this routinely in
human populations is some way into the future. Given the smaller



1320 CHAPTER 107 m Genomic Approaches to the Host Response to Pathogens

genomes of pathogenic organisms, defining virulence genotypes
is progressing at a faster rate (Chan, 2003; Dorrell et al., 2005;
Fitzgerald and Musser, 2001; Kato-Maeda et al., 2001; MacFarlane
et al., 2005; Schoolnik, 2002; Zhang and Zhang, 2006).

Expression profiling studies have been used to investigate
the differences in the host response to pathogenic and non-
pathogenic strains of specific infectious agents. In one exam-
ple, mice infected with a pathogenic strain of pneumonia virus
upregulated the expected inflammatory chemokines/cytokine
profile as well as the ISG profile but an attenuated strain of the
same virus could not, although the virus replicated in the lungs
of these mice to the same degree (Domachowske et al., 2001).
Temporal profiling of the infection process in animals will also
help to define the expression signatures associated with the abil-
ity of the host to clear specific pathogens.

GENETICAL GENOMICS AND
SYSTEMS BIOLOGY: THE NEW
FRONTIERS

‘While considerable information and progress is being made with
the approaches described above, there is now much interest in
combining both a genetic screening approach with an expres-
sion profiling approach in a new area of investigation being
dubbed “genetical genomics” (reviewed in [Cook et al., 2004;
de Koning et al., 2005; Schadt et al., 2003]). The rationale behind
this combination is twofold: first, expression profiling data can be
used to identify those genes in a chromosomal region previously
identified from genetic approaches, whose expression is altered
between two different genotypes. These genes then immediately
become strong candidates for a susceptibility gene at that genetic
locus. In this way, mutations that affect the expression but not
the function of a protein can also be identified. Second, expres-
sion profiling combined with genotyping can identify functional
pathways that can be affected by a single mutation. For example,
if a mutation affects a transcription factor that controls expres-
sion of a group of functionally related genes then not only the
transcription factor but the entire pathway will be identified
opening up better opportunities to design new therapeutics.

In a prelude to these types of approaches, Hume and col-
leagues (Wells et al., 2003) carried out expression profiling
studies on LPS-stimulated macrophages from various mouse
strains that show differential response to infection. These studies
showed that while there was a common core response to TLR 4
activation, each strain of mice showed a unique gene expression
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program implicating many different genetic loci in this variable
response. Mapping the genetic loci responsible for these differ-
ent transcriptional responses will help to shed light on genetic
loci that may play a role in human susceptibility to infection.

These type of approaches move into the realms of “sys-
tems biology” which is the study of an organism, viewed as an
integrated and interacting network of genes, proteins and bio-
chemical reactions, focusing on all the components and the
interactions among them, as part of one system. Given the com-
plexity of the immune response to infection, ultimately this type
of approach may provide more answers.

APPLICATION TO CLINICAL
PRACTICE

Although genomic approaches to understanding the host
response to infectious disease are still very much at the devel-
opmental stage, it is likely that such approaches will be applied
to diagnosis in the near future. In fact there are already some
examples of the application of these approaches. A number of
studies have been described using oligonucleotide-based arrays
for the detection of multiple pathogens in a single experiment
(Campbell and Ghazal, 2004; Dietel and Sers, 2006; Hervas,
2004; Kostrzynska and Bachand, 2006; Pompe et al., 2005).
Recent studies have investigated the use of expression profiling
of whole blood to determine human subjects at risk of recurrent
tuberculosis (Mistry et al., 2007) and to identify high and low
responders to lipopolysaccharide (Wurfel et al., 2005). A study
in macaques has used whole blood expression profiling to exam-
ine molecular signatures of influenza infection (Baas et al., 2006).
There are many efforts currently to optimize expression profil-
ing for biomarker discovery and for clinical trials (Debey et al.,
2006; Shou et al., 2005; Zheng et al., 2006). There are still many
hurdles to be over come in terms of application to the clinical
setting including standardization of sample preparation, robust-
ness of the microarray platform and data analysis, cost quality
assurance and so on (Abdullah-Sayani et al., 2006). The intro-
duction of genetic or genomic screening into the clinical setting
for infectious disease will no doubt occur in the near future.
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Websites

http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?db=unigene

UniGene is an Organized View of the Transcriptome. Each UniGene
entry is a set of transcript sequences that appear to come from the
same transcription locus (gene or expressed pseudogene), together
with information on protein similarities, gene expression, cDNA
clone reagents and genomic location.

http://www.ncbi.nih.gov/entrez/query.fcgizdb=OMIM

Online Mendelian Inheritance in Man is a database catalog of human
genes and genetic disorders.

http://www.genome.jp/kegg/ Kyoto Encyclopedia of Genes and
Genomes.

http://pstiing.licr.org/

pSTIING (Protein, Signaling, Transcriptional Interactions and Inflam-
mation Networks Gateway) is a publicly accessible knowledge-
base about protein—protein, protein—lipid, protein—small molecules,
ligand-receptor interactions, receptor—cell type information, tran-
scriptional regulatory and signal transduction modules relevant to
inflammation, cell migration and tumorigenesis.

http://www.genmapp.org/

Gene Map Annotator and Pathway Profiler is a computer application
designed to visualize gene expression data on maps representing
biological pathways and groupings of genes.

http://www.ensembl.org/index.html

Ensembl is a joint project between EMBL-EBI and the Sanger Institute
to develop a software system which produces and maintains auto-
matic annotation on selected eukaryotic genomes.

http://www.informatics.jax.org/

MGD includes information on mouse genetic markers, molecular clones
(probes, primers and YACs), phenotypes, sequences, comparative
mapping data, graphical displays of linkage, cytogenetic and physi-
cal maps, experimental mapping data, as well as strain distribution
patterns for recombinant inbred strains (RIs) and cross haplotypes.

http://www.geneontology.org/

The Gene Ontology project provides a controlled vocabulary to
describe gene and gene product attributes in any organism.

http://www.ncbi.nlm.nih.gov/geo/

Gene Expression Omnibus is a gene expression/molecular abundance
repository supporting MIAME compliant microarray data sub-
missions, and a curated, online resource for gene expression data
browsing, query and retrieval.

http://www.genome-www5.stanford.edu/

The Stanford MicroArray Database stores raw and normalized data
from microarray experiments, and provides data retrieval, analysis
and visualization.

http://www.expression.microslu.washington.edu/expression/index.
html

Public Microarray Data Download Site powered by Expres-sion Array
Manager.

http://www.ncbi.nlm.nih.gov/projects/SNP/

The National Center for Biotechnology Information has established
the Single Nucleotide Polymorphism (dbSNP) database to serve
as a central repository for both single base nucleotide substitutions
and short deletion and insertion polymorphisms.



