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@ sYSTEMS MICROBIOLOGY

Systems biology of persistent
Infection: tuberculosis as a case study

Infections that evolve over the course of prolonged per-
sistent interactions between the host and the pathogen
present a major challenge for disease control. Important
advances have been made in the control of a range of
acute infections using interventions that target a single
biological focal point — neutralizing diphtheria toxin, for
example, or enhancing immune recognition of the capsule
of meningitis-causing bacteria — but it is more difficult to
predict the impact of a targeted intervention on the com-
plex biology of a persistent infection. Infectious diseases
reflect an equilibrium between the host and the pathogen
that is established and maintained by a broad network
of interactions that occur across scales that range from
molecular to cellular, to whole organism and population
levels. Maintenance and evolution of these interactions
over a prolonged time frame adds further complexity to
persistent infections' (BOX 1). Experimental approaches
that are applied at each of these individual levels gener-
ate dense islands of information — for example, in terms
of pathogen genome sequences or the global transcrip-
tional response of an infected cell — but conventional
approaches cannot integrate information across scales
and systems. For the persistent infections with the greatest
global health impact, such as HIV-1/AIDS, tuberculosis
(TB) and malaria, the ability to understand the interplay of
various host-pathogen interactions across different spatial
and temporal scales will be of considerable assistance in
the rational design of improved tools for disease control
and their rational implementation.

In this Review, we consider how systems biology
can contribute to the challenges that are involved in
studying persistent infection, and focus on TB as a
specific example. Systems biology is an approach to
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Abstract | The human immune response does an excellent job of clearing most of the
pathogens that we encounter throughout our lives. However, some pathogens persist for
the lifetime of the host. Despite many years of research, scientists have yet to determine the
basis of persistence of most pathogens, and have therefore struggled to develop reliable
prevention and treatment strategies. Systems biology provides a new and integrative tool
that will help to achieve these goals. In this article, we use Mycobacterium tuberculosis as an
example of how systems-biology approaches have begun to make strides in uncovering
important facets of the host—pathogen interaction.

understanding, explaining and predicting biological
phenomena that arise from the dynamic interactions
of more than one component. These components could
be molecules, cells, organs or whole organisms®. The
systems-biology framework combines mathematical
modelling and simulation to complement traditional
empirical and experimental approaches to biomedical
research. These models and simulations are driven by
empirical observations and generate specific, explicitly
testable predictions that enable refinement of the mod-
els in response to experimental validation. This iterative
development of models and experiments is a crucial
feature of a systems-biology research approach?’.
There are two ways in which a systems-biology
approach can be used to address persistent infections.
First, at a single biological scale, current whole-genome
technologies produce datasets that far exceed the ana-
Iytical capacity of traditional reductionist reasoning. By
constructing, validating and analysing mathematical
and computational models, systems biology offers an
opportunity to identify key networks of interactions, to
suggest their functional properties and to predict the most
informative sets of future experiments. A second, and
more challenging, role for systems biology is to exploit
the common language that is inherent in mathematical
formulations to forge links between models that reflect
different scales, thereby allowing us to explore how
properties at one scale affect phenomena at other scales.
For example, the rational design of a new antimicrobial
requires understanding at the molecular level of drug
action against a microbial target; at the host level of
drug distribution and pharmacokinetics; and at the popula-
tion level of the effect of resistance mutations on microbial
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fitness in immunocompetent and immunodeficient hosts.
It is impossible to construct a conventional biological
framework that encompasses these widely separated disci-
plines. We would therefore argue that integrative systems
biology, particularly when applied across several scales, is
the most promising approach for breakthroughs in our
understanding of persistent infections.

The interaction between the host and the pathogen
occurs on different scales. These range from molecular
interactions, including, for example, the recognition of
specific molecular patterns on innate immune cells by
Toll-like receptors, to interactions between individual
cells, which, in turn, can range from the phagocytosis of
bacteria by macrophages to the spread of disease through
a host population and the emergence of different strains
of pathogens in response to different host conditions.
Elements at different scales interact, which can determine,
for example, the relative success of the pathogen at the
population level. This interaction then determines selec-
tion pressures at the genetic level in both the host and the
pathogen, which are expressed in terms of often subtle
changes to molecular interactions. At each biological

Box 1 | Scales of Mycobacterium tuberculosis infection
The outcome of infection with M. tuberculosis is determined by interactions that occur over various biological scales that
range from molecular and cellular to anatomical and population levels. To formulate an integrated biological
understanding of tuberculosis, we need to be able to assess how interactions at one level affect interactions that occur at
each of the other levels. For example, how is a change in the sequence of a gene that encodes a drug target in
M. tuberculosis manifested at the population scale? Mathematical models that arise from systems-biology approaches offer
aunique potential to establish quantitative links across multiple biological scales. Different mathematical systems capture
biological complexity best at individual scales. Continuous modelling: variables (for example, concentration) in the model
are tracked in a continuous manner; discrete modelling: variables (for example, cell number) in the model are tracked
discretely; deterministic modelling: dynamics of the model system are completely determined by the input; stochastic
modelling: dynamics are not determined, but variability and unpredictable outcomes may arise.
Host Pathogen Scale Scale Examples of Examples of
(time) (length) modelling modelling
(dynamics) (model type)
Population Days- 10°-10°m  Deterministic Systems of ODEs
years
/ A
Body 1 10°-10°s  107-10°m  Deterministic Hybrid: ODE and
;‘% ABM
Tissue 1 10°-10°s 10°-10?m Stochasticand  Algorithmic: ABM
a 3 discrete
3
el
Single cell I \ 10'-10°s  10°m Deterministic Mathematical:
@ ¢ ~ and continuous  ODE
Molecule igi <> DE:) 10-10%s 10°-10®°m Determir?istic Statistical
and continuous
ABM, agent-based model; ODE, ordinary differential equation.

scale, the appropriate mathematical or computer model
to be constructed is chosen. This decision is based, in
part, on the dynamics that are under consideration (BOX 1).
Mathematical models use equations or simulations to
describe biological events, and these are then typically
solved using a computer. By contrast, computational mod-
els are applied using a computer, as a detailed sequence
of rules that are implemented directly in object-oriented
programming languages. Hybrid models that use both
equations and computational systems are possible. Several
excellent texts that describe the use of each of these mod-
els in different areas of biology are available*'°, as well as
texts that describe statistical model analysis of biological
systems''"* and computer-based models®'.

Both biological experiments and modelling efforts
have been successful at elucidating the properties of a
disease at any particular level, but a full understand-
ing requires the integration of all scales. This is a major
challenge for systems biology.

In this Review, we explore this approach using TB as
a paradigm example of a persistent infection®. In addi-
tion to the spatial scales outlined in BOX 1, TB highlights
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Box 2 | Temporal scales in tuberculosis infection

| 4-6 weeks | Years — decades |
[ 1 1
Elimination Elimination Elimination
of bacteria of bacteria of bacteria
Dendritic cell Re-infection
/ T cell /
and
Exposure 5) re-activation
O —> —_—

\\

Latent TB

Adaptive

response \

Innate response

Active TB Active TB

Compared with many other diseases, the timescales involved in tuberculosis (TB) are long and there is large variation
between different individuals. Mycobacterium tuberculosis is transmitted by aerosol from individuals with active disease.
Bacteria that reach the alveoli of the lung are ingested by macrophages, where they can initiate rounds of intracellular
replication and cell lysis (see the figure). Macrophages are key effector cells in mycobacterial killing, but can also provide a
niche for bacterial multiplication. Dendritic cells engulf bacteria, or bacterial components, circulate to the draining lymph

nodes and prime T cells, which then return to the lungs to orchestrate control of the infection'®. T cells enhance the
antibacterial activity of macrophages by releasing cytokines, such as interferon-y, which generally results in arrest or
clearance of the infection. If the T-cell response is insufficient to control the initial infection, clinical symptoms will
develop within ~1 year in the form of primary progressive disease. Prior vaccination with bacille Calmette-Guérin (BCG),
a live attenuated strain that is closely related to M. tuberculosis, establishes a primed population of T cells and reduces
severe primary disease in children. Most individuals develop a T-cell response in the absence of any clinical symptoms,
which is defined as a latent infection and carries a risk of secondary disease owing to subsequent reinfection or
reactivation of the initial infection. Autopsy studies show that latent infection is often associated with persistence of
viable bacteria®. Bacteria can persist within granulomas (see latent TB in the figure) that function to contain bacterial
spread. In adult pulmonary TB, breakdown of granulomas in the lung promotes mycobacterial replication, release of
bacteria into the airways and effective aerosol transmission. Transmission is enhanced by the destruction of lung tissue,
which is mediated by the same immune cells that are crucial for protection during the earlier stages of infection.

the importance of temporal scales (BOX 2). Signalling
pathways that are triggered within the first few minutes
of the encounter of macrophages with Mycobacterium
tuberculosis are crucial in determining the intracellular
fate of the bacilli, and the release of cytokines from den-
dritic cells (DCs) over the first few days is important
in programming subsequent T-cell responses. Primed
T cells migrate to the lung over a period of weeks. As
indicated in BOX 2, pathogenesis and disease evolve over
atimescale of years or decades. Attempting to link events
over such timescales with molecular and cellular
events that occur in minutes or hours cannot be achieved
by conventional microbiological or immunological
experimental approaches, particularly considering the
different spatial scales that are involved and problems
in integrating spatial and temporal scales. To surmount
such challenges, a multi-scale systems-biology approach
is the most feasible.

In this article, we describe events at various scales
that have key roles in determining the outcome of
M. tuberculosis infection. We briefly highlight some
of the systems-biology modelling that has been
carried out at individual scales, but focus mainly on

attempts to integrate across scales. We also discuss
how these attempts have already contributed to uncov-
ering important facets of the host-pathogen interac-
tion and indicate the most important directions for
future research.

A tour of the scales

As indicated in BOX. 1, all of the spatial scales of the host—
pathogen interaction are interlinked and it is not easy to
collapse the complex network of interactions into a logical
linear narrative. The scale at which one starts the descrip-
tion is also somewhat arbitrary. From the perspective
of human health, two key objectives serve as a guiding
principle.

First, at the host population level, we aim to pre-
dict the epidemiological effects of various treatments,
including drugs, vaccines and public health measures
(such as the isolation of infected individuals, a com-
mon strategy in the past for TB), and predict the spread
of new emerging strains (perhaps drug resistant) into
populations with particular characteristics.

Second, although a good epidemiological model
might accurately predict the statistical likelihood of an
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Ordinary differential
equation

A system of equations that is
based on the rates (derivatives)
of change of dependent
variables with respect to time.
Most of the interesting
differential equations are
nonlinear and, with a few
exceptions, cannot be solved
exactly. Approximate solutions
are determined using
computer simulations.

Mendelian

Genetic inheritance of disease
susceptibility through a single
gene.

T,

After priming by exposure to
signals from antigen-presenting
cells, T cells undergo a process
of maturation to their final
effector phenotype. Cytokines
produced by T, 1 cells (for
example, interferon-y) enhance
the antimicrobial activity of
macrophages and have an
important role in protection
against Mycobacterium
tuberculosis. Cytokines
produced by T,,2 cells (for
example, interleukin-4) are
important in promoting
antibody responses. Cells that
have not committed to the
T,10rT,2 lineages are

H
referred to as T,,0.

Linkage analysis

A test for co-inheritance of
genetic markers along with
disease susceptibility in family
groups.

individual becoming infected with TB, we aim to predict
the outcome of the disease at the individual level, and
therefore prescribe the best possible treatment for that
individual.

The interplay between these two objectives high-
lights a basic theme that will be apparent throughout
this Review. At the epidemiological level, we can initially
treat the population as homogeneous, using averaged
population properties for the host, the pathogen and
their interaction. However, such homogeneous models
often provide a poor fit to observed data and make poor
predictions. This is because individual variation is impor-
tant and the interactions between different sub-groups of
both hosts and pathogens can lead to significantly dif-
ferent outcomes compared with a homogeneous model.
Such heterogeneity; in turn, affects the overall population
behaviour. In attempting to obtain more accurate popu-
lation-level models, we are therefore inevitably drawn
towards understanding host—pathogen interactions at the
individual level — that is, in reality, the host and patho-
gen populations only interact via individuals (BOX 1).
To explore this further, we first describe modelling at the
population level.

Population level. Interest in population-level modelling
long precedes the recent enthusiasm for systems biology,
and indeed represents one of the earliest applications of
mathematics in biology. Fibonacci set a calculation of the
exponential growth of a dividing population as an exercise
in the Liber Abaci in 1202 (REF. 16). Although this calcula-
tion was applied specifically to breeding rabbits, the same
model can also describe the initial unchecked growth
of an epidemic or of a population of bacteria. Daniel
Bernoulli used a modelling approach to influence public
health policy for smallpox in 1760 (REFS 17-19), and mod-
els of the dynamics of epidemics began to be developed
in the mid-nineteenth century®. Of particular note is the
work of Ronald Ross, who was interested in why some
diseases, such as cholera, produce rapid epidemics fol-
lowed by periods in which they almost disappear, whereas
others, such as malaria, can persist indefinitely in the
population. He developed a mathematical model based
on a set of ordinary differential equations that described
the dynamics of the number of infected individuals in a
population?' and, together with Hilda Hudson, analysed
their dynamic properties under various conditions*.
This approach was refined and extended by Kermack
and McKendrick?? into the now-fundamental SIR
(susceptible-infected-recovered) model, which is at the
root of almost all existing models of the dynamic spread
of disease through a finite population.

For TB, it is important to divide the infected group
into latently infected and actively infected individuals, as
these contribute particularly differently to the spread of
the disease” . Additional categories, such as infectious
and non-infectious, which are distinguished by the pres-
ence or absence of bacteria in the sputum, can also be
introduced to provide more refined models or represent
potential treatments?**-*2. By computing the frequency
at which patients with active disease transmit infection
to the susceptible population, these models can be used

REVIEWS

to predict the impact of different interventions on the
overall dynamics of disease. It is predicted for TB, for
example, that enrolment of 70% of the most infectious
patients in a chemotherapy programme with an 85% cure
rate would affect R (the number of secondary cases aris-
ing from each primary case) and reduce the epidemic®**.
Modelling can similarly be applied to predict the effect
of different vaccination approaches and assess the poten-
tial impact of combining treatment and prevention®*°.
These models provide the cornerstone of global TB
control programmes (see Further information for a link
to The Global Plan to Stop TB 2006-2015).

From population to individual: the effect of hetero-
geneities. The standard SIR-type models described above
assume that all individuals are identical. However, it is
well known that population heterogeneities can have
an important role. Contrary to the assumptions of an
SIR-type model, an infected individual is not equally
likely to come into contact with every susceptible indi-
vidual in the population. This has led to models that
more accurately reflect the spatial and social organiza-
tion of the host population. The value of these models
was illustrated by the foot-and-mouth epidemic in the
United Kingdom and the subsequent debate about
different vaccination strategies®*~*. Such models made
use of comprehensive farm-by-farm data on the spread
of the epidemic. For TB, a number of recent models
have incorporated household structure by incorporat-
ing different transmission rates within and between
households of different sizes***. The resulting network
models more accurately reflect transmission patterns
and the prevalence of TB in response to changing
social organization®'.

It is also essential to consider the influence of
biological heterogeneities, in both the host and the
pathogen. An example of heterogeneity in the host
was provided by classical twin studies which showed
that human genetic diversity has a major influence on
susceptibility to TB*2. Two types of study have pro-
vided insights into the genetic control of TB. The first
approach, which focused on rare mutations that confer
a Mendelian form of hypersusceptibility to mycobacte-
rial infection, demonstrated an essential role for genes
that are involved in the T-helper-1 (T ,1)-type pathway
for macrophage activation®. The second approach,
which was based on case-control studies of candidate
genes and genome-wide linkage analysis of affected
siblings, identified much smaller effects of more com-
mon polymorphisms in genes that were implicated in
microbial recognition, phagosome biology and antigen
presentation*~*°. The weak effects that were associ-
ated with individual polymorphisms suggest that the
profound effects observed in twin studies arise from
combinations of genes. Inclusion of population het-
erogeneity in the basic SIR model predicts important
changes in transmission parameters that may influence
strategies for optimal disease control®®*!. This is an
important example of how systems biology can provide
a connection between research at the scale of cellular
immunology with population-biology research.
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Box 3 | Within-host modelling of tuberculosis

Mathematical models have been developed that track the course of infection within a
single host. These models typically track numbers of bacterial and host cell
populations, as well as signalling molecules (for example, cytokines). Here, we present a
series of models that have been developed over the past decade in our laboratories
that explore host dynamics of infection. These models serve as a paradigm for the way
in which such models can be approached and how they evolve, and highlight the
importance of an iterative interaction with experimental observations.

The starting point was a simple model of a mycobacteria-macrophage interaction in
the lung’®’. This model tracked the evolution over time of the numbers of three
different sub-populations of macrophages, bacterial sub-populations, three T-
helper-cell populations and four key cytokines, and predicted that latency and active
disease, as well as clearance, can be observed under different host conditions. The
model was extended to explore the role of CD8* T cells by mimicking experimental
protocols, such as depletion and deletion of specific cytokines and cell types'®%. These
studies predicted a different contribution for effector CD8* T cells that are cytotoxic
compared with those that produce interferon-y, and suggested that a minimum level of
effector memory cells of each T-cell subset (CD4* and CD8") is required to provide
protection following vaccination. This type of analysis is only available through in silico
studies, as the level of detail that is needed to perform these experiments is not
currently tractable.

A further extension allowed study of the role of tumour-necrosis factor o (TNFa) in
protection during infection'®. The model simulated two commonly used anti-
inflammatory therapies that antagonize TNFo,, which allowed us to study why those
therapies lead to different tuberculosis reactivation rates. This model predicted that
only a small proportion (<2%) of TNFa.is needed to control acute infection and
maintain latency.

Equally important is genetic variation in the pathogen
population. Advances in genome sequencing and related
technologies have uncovered an unexpected diversity in
the global phylogeny of M. tuberculosis. Initial interest
focused on a series of rapidly changing genetic markers,
such as the movement of the IS6110 insertion sequence®'.
These markers can facilitate tracking of local transmis-
sion chains, which could be used to refine the network
transmission models referred to above®***>%, At a deeper
level of phylogeny, six major lineages of M. tuberculosis
have been identified, which has prompted speculation
about their historical and geographical relationships
and the possible contribution of genotypic variation to
the biology of disease®’. These can be envisaged as a set
of ‘ancient’ African and Indo-Oceanic lineages that are
being progressively displaced by more aggressive ‘modern’
strains represented by the Euro—American, North Indian
and Beijing lineages. One attractive hypothesis is that
strains differ in their tendency towards primary disease
relative to latent infection and reactivation (BOX 2). Models
such as those described above could be used to explore
the impact of such phenotypic differences on the spread
of TB in populations with different densities and life
histories. This, in turn, might help to identify important
differences in selective pressures under which different
lineages evolved. In the future, it will be important to
link models of changing bacterial phylogeny with host
population models to understand how genetic and envi-
ronmental changes in both populations interact with each
other. This should lead to a better understanding of which
population groups are the most susceptible to which
pathogen strains®. An understanding of the phenotypic
properties of different strains and lineages is also central to

modelling the spread of drug-resistant organisms®.

Although TB and HIV-1 co-infection is of global
concern, only a few models have been introduced that
address the dynamics of these two diseases simultane-
ously. At the tissue scale, Kirschner” developed a cel-
lular model that described the co-infection of HIV-1
and TB and predicted treatment effects. Naresh and
Tripathi®® developed a model that was based on the
population being divided into four sub-classes and
then studied the transmission dynamics of HIV-1 in
settings in which TB infection is treatable. West and
Thompson® performed numerical simulations to
predict the future transmission trends of TB, whereas
Porco, Small and Blower® developed a model that pre-
dicted the impact of HIV-1 infection on TB outbreaks.
Some of these studies also examined treatment? 3!,

Moving down the scales: the immune system. The above
discussion emphasizes how, to accurately predict popu-
lation-level epidemic behaviour, we need to start incor-
porating aspects of individual behaviour. So far, this has
been encapsulated through a few summary parameters,
such as an individual’s susceptibility to infection or pro-
pensity towards active disease; ultimately, however, we
need to link these parameters with information at the
cellular and genetic levels. The first step in this direction
is to model the dynamic progression of infection within
a single host.

TB can affect any organ of the body, and progressive
primary disease can occur at extra-pulmonary sites.
The lungs of an individual patient typically contain a
diversity of lesions with differing overall structures that
change over time. Correlating spatio—temporal varia-
tions with breakdown or resolution of lesions is crucial
to our understanding of the disease process. However,
experimental studies are predominantly restricted to
measuring immune parameters in the blood, and there
is a problem in reconciling systemic observations with
local anatomical diversity. The use of models can help
overcome these difficulties, and even the simple mod-
els that are currently available already yield important
insights (BOX 3).

An important extension to these simple models is
the incorporation of a spatial component by tracking
cell populations and cytokines separately in the lung
and draining lymph nodes®"*%. This approach has been
used to explore DC trafficking between the two com-
partments and the role of antigen presentation. The
combination of such modelling approaches with data
from modern non-invasive imaging techniques® pro-
vides a powerful framework to study the whole-body
dynamics of TB.

From immune system to cell: structured population
models. The models described in BOX 3 make the
assumption that each cell population is homogeneous.
For example, all THO cells are assumed to have the same
properties and to differentiate into T 1 or T ;2 cells at
the same rate. In reality, however, any such cell popula-
tion will exhibit variation — for example, in the exact
expression levels of various genes and the levels of vari-
ous metabolites. Similarly, individual bacteria probably
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