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General Introduction
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Chapter 1
In order to survive, infectious agents such as viruses, bacteria, protozoa and
macroparasites (for convenience we will call them all parasites here) must succeed at two scales: the within-host scale and the between-host scale. Withinhost survival involves processes such as reproduction and immune evasion, while
between-host survival involves transmission and persistence in the host population. Within the host, the parasite needs to find a balance between exploiting the
host’s resources to grow, and keeping the host fit enough to transmit to a new
host. At the same time, the host’s immune system will apply a wide selection of
attack mechanisms aimed at killing the parasite as soon as possible. To survive,
parasites have evolved intricate techniques allowing them to hide from the immune system or evade getting killed, for as long as possible. At the between-host
level the infecting parasites need to be able to transmit to and infect at least one
other host to prevent infection from dying-out in the population. To persist in a
population for a longer period of time, parasites have evolved mechanisms to find
enough susceptible hosts to which they can transmit. For example, some parasites
can change their outside appearance so that immune hosts cannot recognise them
anymore, or hide inside host cells until transmission conditions are favourable.
When looking for measures to control infection it is important to know which of
the many components, interactions and influences that are involved in the abovementioned infection processes are key in defining the infection. More insight in
these allows us to focus our effort on understanding and learning how to influence
these factors to our advantage. Using experimental methods alone it can be difficult, if not impossible, to find these key interactions as there are often practical,
technical and financial limitations. This is where computational models can help
out. For example, turning an interaction on and off, to analyse its function, may
be an impossible task in reality, while in a computer model it can be as simple as
a click. The difficulty, however, then lies in formulating a model with the limited
knowledge available that is both sensible and useful. Models are caricatures of a
much more complex reality and to be useful they need to be able to reproduce
the essential characteristics of the real processes that are being studied. If that
can be achieved, then using models, alongside experiments, opens up a myriad of
new possibilities to both generate and test hypotheses.
Models are particularly helpful to study systems where cause and consequence
are so entangled that it makes the interpretation of experimental data very hard
or experiments hard to perform. This is typically the case in systems where the
interactions between the components form one or multiple interacting feedback
loops. In the study of infectious disease we find these feedback loops at both the
within and between-host level. Two examples are given in Figure 1. The example
on the left-hand side shows a typical within-host infection loop for a parasite with
intracellular reproduction. On the right-hand side the classical SIR-model, one of
the simplest of epidemic models, is shown.
In terms of control measures, the aims for understanding within-host versus
4
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Figure 1: a) Within-host infection feedback loop. b) Between-host infection feedback loop

between-host processes are different. In general, efforts to understand within-host
infection and immune processes are aimed at learning how to prevent a host from
becoming infected, how to reduce clinical manifestation, or how to cure a host
from infection. Efforts to understand between-host spread and infection processes
are generally aimed at preventing parasites to cause an epidemic, or to slow down
and stop outbreaks. To illustrate, a simple scenario could be that understanding
the within-host processes tells us how to develop a vaccine whereas understanding
the between-host processes tells us how many and which individuals we need to
vaccinate. We therefore need understanding at both scales of infection, and their
interaction, to eliminate a parasite from the population.
Within-host and between-host models can be made separately to help us gain such
understanding. As such models describe processes at only one scale of the infection they need to include some assumptions as to what happens at the other scale.
For example, in a within-host model, infection is usually started by introducing
a set dose of infection into the system. In reality, depending on how transmission
took place, the initial dose of infection taken-up may vary greatly. As long as the
dose of infection does not affect how the infection process continues, this assumption does not affect the results of the within-host model. For between-host models
it is usually assumed that all hosts within a compartment, such as a ’Recovered
and Immune Hosts’ compartment, are equal. In reality, this is not the case, for
example during infection individual hosts may use slightly different parts of the
infecting parasite to generate an immune response, and therefore show differences
in immune memory. Yet, as long as all these individuals become equally resistant
against re-infections with that specific parasite, this assumption does not affect
the validity of the between-host model.
Parasites can have more complex infection dynamics that entail feedback loops
that breach the two scales of infection in such a way that the key processes at one
scale are dependent on the processes on the other scale. Such a system of interacting feedback loops across the within-host and between-host scales is illustrated
5
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Figure 2: Schematic representation of an infection process that includes feedback
loops between the parasites (3), the host resources (2), the host’s immunity (1) and
transmission (4).

in Figure 2. In infection processes where this is the case, studying infection at
only one level may no longer be sensible or will no longer give realistic results [28].
Several studies have shown the importance of models that include feedback loops
between infection processes at different scales [12, 20, 4]. In many cases these
feedback loops that link the within-host and between-host scale cause heterogeneity in the host population. This can occur, for example, because differences
in exposure between individuals cause differences in infection history, leading to
heterogeneity in susceptibility and infectivity. Studies that take into account this
kind of heterogeneity caused by processes across infection scales are scarce.
The goal of this PhD thesis is to increase our understanding of some of these complex within and between-host infection dynamics through the creation of mathematical and computational models that are able to capture the existing host
and/or parasite heterogeneity. This goal is reached through a series of research
projects that gradually build up in complexity of both the system modelled and
the modelling techniques used. The models created in these projects help to explain a wide range of sometimes contradictory experimental results and are used
to predict the effect of control measures. In addition, they generate ideas for the
development of new methods of control.

Chapter 2: EAE in mice
The first research project of this thesis focuses on Experimental Autoimmune
Encephalomyelitis (EAE), a mouse model of the human auto-immune disease
Multiple Sclerosis [31]. In this project the degree of complexity is limited to interacting feedback loops within the immune system itself, without an infectious
6
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parasite. In the context of Figure 2, this project only involves feedback loops
within compartment 1.
EAE is caused by auto-immune cells that build a response against a protein of the
nervous system. Typically, adaptive immune responses, whether they are built
against a foreign pathogen or a protein originating from the body itself, can be
of Type 1 (cellular response) or Type 2 (antibody response). These responses
can be controlled by regulatory cells that the immune system has at its disposal
which is often observed in chronic diseases. A large body of experimental data on
EAE shows that the type of the auto-immune cells, and also the type of the cells
that can control the autoimmune cells, are key to whether or not mice develop
EAE [24]. Therefore, although it is a non-infectious disease, understanding the
interactions between the immune cells that are involved in EAE is very relevant
to infectious diseases.
The model formulated in this research project was built to better understand
these interactions between adaptive immune cells. The model is an ordinary differential equation (ODE) model that describes a set of interacting feedback loops
formed by cell populations within the immune system that are involved in EAE.
Figure 3 shows a visual representation of these components and highlights the
different feedback loops.
There are many more immune cells and interactions that influence EAE than the
cells implemented in this model. However, this model can reproduce the results of
a range of different vaccination experiments in mice with EAE. The strength of the
model lies in just that. Because the results found in the vaccination experiments
can be explained by the interactions between only the components used to build
the model, it reduces the complexity of the experimental results to only those
elements of the immune system implemented in the model.
The fact that regulatory cells could shift the autoimmune response from a Type 1
to a Type 2 following vaccination was initially conceived with surprise [11]. Our
modelling results show, however, how such a shift results from the interactions
between regulatory cells and Type 1 and Type 2 autoimmune cells, without the
need for any direct influence of regulatory cells on the type of autoimmune cells.
The shift arises naturally because Type 1 regulatory cells only suppress the Type
1 autoimmune cells, and thus allow the Type 2 autoimmune cells to grow in
response to stimulation with self-protein.

Chapter 3: Paratuberculosis in dairy cows
The second research project focusses on a bacterial infection in dairy cows that
causes the disease Paratuberculosis. Paratuberculosis, as EAE, is a chronic disease, however in contrast with EAE it is caused by an infectious agent. Once
7
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Figure 3: Schematic representation of the EAE model. a) The full model. b) Highlights the positive feedback loops within the immune cell populations. c) Highlights
the interacting negative feedback loops between the immune cells.

initiated, infection is viewed as an autonomous process, where subsequent doses
of infection later in life have little or no influence on the course of infection within
the host. This allows the infection process to be studied at the within-host scale
only. In this case we can add a small step to the degree of complexity by having two interacting feedback loops describing within-host infection and immunity.
One feedback loop describes parasite reproduction that is influenced differently
by Type 1 and Type 2 immune responses, and the other describes the feedback
loop between the parasite and the host’s resources. The latter in this case also
happens to be a part of innate immunity. These interacting feedback loop and
the influences on them are illustrate in Figure 4. In the context of Figure 2, this
project includes feedback loops between components 2 and 3 under the influence
of 1a.
Paratuberculosis is caused by Mycobacterium avium subspecies paratuberculosis
(MAP) [3]. When ingested by its host, MAP is able to cross the epithelial barrier
lining the gut and infect macrophages inside the gut. Macrophages form part of
our innate immune system and under normal conditions engulf and kill bacteria.
MAP is able to avoid being killed after it is engulfed [13]. On the contrary, it
is able to reproduce inside the macrophages and establish a chronic infection for
which no successful treatment is currently available. Cows differ greatly in the
duration and the extent to which they can keep this chronic infection under con8
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Figure 4: Schematic representation of the Paratuberculosis model. a) The full
model. b) Highlight of the within-host parasite reproduction cycle including a feedback loop with the host resources through the attraction of uninfected macrophages
to the site of infection by free parasites. c) Highlight of the differential influence of
Type 1 and Type 2 adaptive immunity on the reproduction feedback loop.
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trol before it eventually progresses into severe disease.
It is unclear what causes the onset of clinical disease. A variety of studies indicate that cows build an early Type 1 immune response that changes to a Type
2 immune response during the course of the disease [34]. It is thought that
the Type 1 response is protective while the Type 2 response is permissive, and
that the change in response could be the cause of progression into severe disease
[35, 21, 33]. However, direct evidence and a thorough understanding why one
type of response would be able to control disease while the other fails, is lacking.
The model in this chapter was built to clarify the role of the type of the adaptive
immune response on the infection progression.
Type 1 adaptive immune responses kill parasite-infected host cells, while Type 2
adaptive immune responses target free parasites in the body. This known functional difference in which the two types of adaptive immune responses combat
infection is explicitly included in the model. In the model it is easy to turn each
of these responses on and off at any given time which allows for a detailed study
of the effects these two responses have on MAP infections in dairy cows.
Through these analyses and by using the results from a longitudinal study in which
infected cows were followed for 4 years, the model is able to find that there is no
fundamental mechanical impediment to prevent a Type 1 or a Type 2 adaptive
response from clearing the infection. The results show that the killing rate of the
Type 1 and Type 2 adaptive immune responses together is much stronger than
the sum of their individual killing rates. Surprisingly the results also show that
the Type 1 response observed experimentally is able to stop the initial growth
of infection even if it does not have the critical killing rate needed to control the
infection.

Chapter 4: Coccidiosis in broiler chickens
The third research project focusses on coccidiosis in broiler chickens caused by
the protozoan parasite Eimeria acervulina. This project is the first to include
parasite infection processes that breach the within-host and between-host scales.
The within-host life cycle of this parasite is such that it allows for a less detailed
modelling of the within-host processes than in the previous chapters, and we can
therefore keep the degree of complexity more manageable. In the context of Figure 2, this project includes feedback loops between components 1, 2 and 4 without
explicitly describing the processes in component 3 through which these feedback
loops interact.
Chickens become infected by picking-up Eimeria oocysts from their environment
which then replicate inside the gut of the animals and are excreted with the chickens’ faeces [1]. Eimeria reproduction inside the gut is a self-limiting process that
10
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cannot continue to re-infect gut cells without going through an environmental
stage. How many parasites on average one Eimeria parasite can produce and
excrete depends on how many parasites where picked-up at the same time. Excretion also depends on how many were picked-up previously, as these will be
occupying some of the gut cells that would otherwise be available for infection
[37]. In addition, chickens develop immune responses against Eimeria parasites
that with every new case of infection protect the chickens better against infection
and parasite reproduction, until they are fully immune [10, 26]. Thus, the infection history of the chickens has an effect on the immune status of the chickens and
also on the infectiousness of the chickens, i.e. on how many oocysts the chickens
will excrete into the environment.
Ingesting small numbers of oocysts over a prolonged period of time will not cause
much harm to the chickens. However, in stables of broiler chickens, characterised
by a dense population of susceptible hosts, the environmental contamination can
quickly grow to levels where chickens ingest high doses of oocysts, causing severe
outbreaks of clinical disease. The cleaning intensity between cohorts of broilers
is thought to affect the number of clinical cases, yet studies trying to show this
find counterintuitive results [17, 16, 20]. The model built in this chapter is used
to understand the progression of infection in flocks of commercial broiler chickens
and to find if there exist cleaning regimes that minimise the clinical disease cases.
To study the effect of the infection history on the infection processes, the model
needs to be able to capture the infection history of the individual chickens, their
immune status and the environmental contamination. To allow for this kind
of heterogeneity the model is spatial and individual-based, meaning that each
chicken can be tracked separately; we use the simulation software Netlogo to implement the model. The two effects that the infection history has on the withinhost infection are described by two interconnected feedback loops as illustrated
in Figure 5.
The different immune statuses, and ingestion and excretion doses, are limited in
the model, which, together with the self-limiting within-host infection process of
the Eimeria parasite, allows for the modelling of the excreted doses through the
use of a limited set of fixed excretion patterns. The model uses specific excretiontemplates, supported by experimental data, for every combination of infection and
immune status. Furthermore, chickens switch back and forth between templates
depending on the oocysts they ingest and their immune status. As a result, the
heterogeneity in the chicken population is sufficiently large to capture its effect
on the within-host infection and immune processes without having to model the
mechanisms behind these processes explicitly.
In the model, different stable cleaning intensities and regimes can be simulated
with different initial stable contaminations. The model shows a non-linear ’wavelike’ relationship between the intensity of cleaning and the severity of Eimeria
outbreaks in a flock where intermediate levels of cleaning intensity lead to the
11
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Figure 5: Schematic representation of the coccidiosis model. a) The full model.
b) Highlights the within-between host infection feedback loop. c) Highlights the
within-between host immunity feedback loop.

least clinical disease. This relationship explains the counterintuitive experimental
findings and is caused by an increased heterogeneity in the host population at the
peaks of the wave. The heterogeneity originates from stochastic parasite uptake
that results in differences in infection between the chickens in the flock. There
are cleaning intensities at which the feedback loops across the two infection scales
either amplify or dampen the heterogeneity. This relationship could therefore
not have been found from a model that does not allow for considerable host
heterogeneity or that only models the infection dynamics at one of these scales.

Chapter 5: Malaria in humans I
The fourth research project concentrates on Malaria in humans caused by the
eukaryotic protist Plasmodium falciparum. Malaria parasites have an intricate
infection process with many life stages in two different hosts: mosquitoes and humans. There are many different reactions of the immune system against malaria
parasites. In turn, the parasites possess a wide range of immune evasion techniques to avoid the immune systems attacks. In contrast to the previous project,
this project describes in detail a within-host feedback loop between infection and
adaptive immunity in addition to the interacting set of feedback loops across the
within and between-host scales described in the previous project. In the context
of Figure 2, this projects includes feedback loops between components 1, 3 and
4 and a large amount of host and parasite heterogeneity to capture the effect of
12
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the interactions between these components.
When a parasite infects a cell, some parts of it usually show on the outside of
the surface of the cell. The immune system uses these parts (called antigens)
to identify infected cells and then build a response to kill them. This project
concentrates on the variant surface antigens (VSA) that malaria parasites use to
avoid these immune responses. The particular VSA looked at here, Plasmodium
falciparum erythrocyte membrane proteins 1 (PfEMP1’s), are expressed on the
surface of red blood cells (rbc) infected during the parasite’s blood-stage. These
VSA help parasites to survive in two ways: 1) by frequently changing the type of
VSA expressed, the antibodies that the immune system has made against previously expressed VSA become less effective [29, 5], and 2) VSA bind to receptors
in organs which prevents the infected rbc from flowing through the spleen where
infected rbc are recognised and killed [18, 14]. The strength of this binding affinity of the VSA therefore, at least partially, determines the relative growth rate of
the parasites.
Each parasite carries a set of approximately 60 different types of VSA and different
parasites carry different sets of VSA [15]. Due to several parasite recombination
techniques new types of VSA emerge continuously and therefore the number of
different types of VSA that exist is immense [36]. Individuals living in malariaendemic areas gradually build up a very large repertoire of antibodies against
VSA that is associated with protection first from severe disease and eventually
from clinical disease, although infections remain common even at old age [2].
Experimental data shows that the different types of VSA can be categorised into
genetically similar groups [22, 25]. Data also suggests that every parasite does not
carry a random set of VSA but that all VSA groups are proportionally represented
in the set [7, 6]. It is unclear why parasites carry representatives of all groups.
One line of thought is that parasites need the VSA from the different groups to
be able to cope under different circumstances. For example, when infecting young
children with a relatively narrow anti-VSA antibody repertoire, the parasite can
afford to express a VSA that maximises its growth rate, while when infecting an
older host with a broad antibody repertoire, the parasite has to express a very
rare VSA for which the host has no antibodies yet. It has been suggested that
the difference between a young host and an older host environment would benefit
parasites that carry both ‘strong’ and ‘rare’ VSA [23, 8]. The model built in this
project was developed to understand if under these circumstances parasites with
a strong-rare set of VSA are more successful than parasites with other sets of VSA.
To recreate the VSA-related difference in young hosts versus old hosts, the model
needs to include the within-host parasite competition and immune responses
that determine to which VSA the hosts build up antibodies, and to include the
between-host competition for transmission to mosquitoes and susceptible hosts.
The model also needs to include a diverse range of VSA-related host, vector and
13

Chapter 1

a

b

c

d

Figure 6: Schematic representation of malaria I model. a) The full model with
all interacting feedback loops. b) Highlights the within-host feedback loop between
adaptive immunity and parasite reproduction. c) Highlights the feedback loop between host adaptive immunity and transmission. c) Highlights the feedback loop
between parasite reproduction and transmission.

parasite heterogeneity. To accommodate all these processes and heterogeneity the
object-orientated programming language C++ is used to develop the model and
run infection simulations. The model keeps track of, amongst other things, the
VSA of each parasite in the parasite population, the VSA expressed by infected
rbc and, the anti-VSA antibodies of the hosts. Figure 6 illustrates the multiple
interacting feedback loops, across both infection scales.
In the resulting model, the difference in size of the anti-VSA immune repertoire
between young hosts and older hosts indeed emerges. Additionally, the model
shows that hosts do not acquire antibodies against VSA at random but that there
is a general order in which they are acquired in which immunity against strong
VSA is acquired earlier. An ordered acquisition of anti-VSA antibodies was also
found experimentally [9] and the model now gives a potential explanation for the
14
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origin of this order. However, contrary to what has been suggested, the difference
in a young versus older host environment, at least on its own, does not show a
selective advantage for parasites with a strong-rare set of VSA over parasites with
other, random, sets of VSA.

Chapter 6: Malaria in humans II
The fifth and last research project also concentrates on the VSA used by malaria
parasites. However, the focus of this project lies on understanding the key selection forces on the parasites through their VSA and the influence that control
measures can have on these. The selection forces work on all interactions shown
in Figure 2 and therefore this project includes all components and interacting
feedback loops illustrated in Figure 2. As in the previous project, a large amount
of host and parasite heterogeneity is allowed for to capture the effect of the feedback loops between these components on infection.
As explained in the previous section, the binding strength of the VSA, at least
partially, determines the relative growth rate of the parasites which in turn has an
effect on the severity of malaria disease. Disease severity is influenced by the type
of VSA expressed in yet another way. The type of VSA expressed determines
in which organ(s) the infected rbc can sequester, which has a large impact on
the severity of disease, e.g. cerebral malaria is one of the most deadliest forms
of malaria [29, 32, 19, 30]. These findings show that the VSA set carried by the
parasites impacts on the virulence of the parasite.
VSA are implicated in many of the infection processes of malaria, making it
difficult to predict how large scale malaria control programs will influence the
virulence of the circulating parasites. This will depend on which parasites are
able to survive under all the selection forces that influence the parasites through
the VSA they carry. The key selection forces on malaria parasites are: parasite
competition (within and between-host), host immunity, mosquito abundance, and
host mortality [27]. The model developed in the previous project already included
some of these namely, within-host parasite competition, although only the relative
competition between parasites, between-host competition (Figure 6c & 6d), host
immunity (Figure 6b) and mosquito abundance. For the purposes of the current
project the previous model is extended with feedback loops for the within-host
parasite competition to infect the host’s rbc (Figure 7b) and malaria induced host
mortality (Figure 7c), to include all key selection forces that act on the parasites.
Like in the previous project, the model continues to show an ordered acquisition
of anti-VSA antibodies. In addition, by including how the parasites compete to
infect the available red blood cells, the model gives realistic life-time host parasitemia and provides a framework in which to study the within-host competition
through VSA in detail.
15
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Figure 7: Schematic representation of malaria II model. a) The full model. b)
Highlights the feedback loop between parasite reproduction and the host’s resources.
c) Highlights the feedback loop between malaria-induced host mortality, transmission and parasite reproduction.

The model is used to test the effect that a series of potential and currently implemented control measures can have upon the virulence of parasites circulating
in the population. The results show that some seemingly sensible measures, such
as reducing the reproduction rate of the parasites, could have the unwanted effect of increasing the frequency of highly virulent parasites, such as those causing
cerebral malaria.

Final remarks
As mentioned above, the difficulty in modelling lies in formulating a model that
is both sensible and useful. In my experience, the chances for this are greatly improved when modellers and field experts work closely together. To facilitate these
collaborations it is important that modellers make models that are appealing to
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the expert community. The results and insights from a model that succeeds in
being so, are much more likely to reach and be trusted by field experts.
As a biologist, I find that a crucial element for the appeal of a biological model
is for its components to have a clear biological meaning or interpretation. In my
opinion, the best models are those that do not require an expert in the modelling
techniques used to understand it, but those that can be explained in biological
terms. Such a direct link between the model and reality makes it easier to use
existing data, or gather new data, to parameterise and validate the model. It also
makes it straightforward for experimentalists to interpret the model results, give
feedback and pinpoint errors.
In this thesis the vast majority of model components have such a direct link with
reality. The results have shown some detailed examples of the valuable contribution that models have in understanding infection processes. The most satisfying
achievements have come from those models that were able to, in hindsight, make
complicated experimental results seem obvious and logical, and where the process
of building the model was as insightful as the final results.

17
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Chapter 2

Abstract
We give a historical overview of the diverse theoretical models that have been
developed to better understand the role of anti-idiotypic regulation in T-cell vaccination (TCV). More recently the importance of the Th1/Th2 phenotype of the
T-cells involved in TCV became apparent. To understand the combined role of
anti-idiotypic regulation and Th1/Th2 phenotype differentiation in TCV we have
developed a new phenomenological model. The model consists of four differential
equations, one for each cell type involved: Th1 autoreactive cells, Th2 autoreactive cells, Th1 anti-idiotypic cells and Th2 anti-idiotypic cells. To incorporate
the interactions between these cell types we used data from experimental autoimmune encephalomyelitis (EAE), the mouse model of multiple sclerosis. In
accordance with experiments, our phenomenological model shows that: (i) challenging the autoreactive cells causes transient EAE followed by protection against
re-challenges, (ii) after TCV with the Fr3 peptide of the T-cell receptor (TCR)
of the Th1 autoreactive cells, challenging the autoreactive cells does not lead to
disease, and (iii) after nasal instillation of the TCR Fr3 peptide, challenging the
autoreactive cells leads to exacerbated disease. In addition, the model gives an
explanation for the phenotypic shift from a Th1 autoreactive response towards
a Th2 autoreactive response seen after TCV, and it shows that a Th2 response
to MBP has the potential to regulate EAE. By reproducing the experiments on
TCV in EAE, the model provides a transparent framework pinpointing the interactions and mechanisms that result in the complex behaviour observed in TCV
experiments.
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1

Introduction

T-cell vaccination (TCV) is the process by which the injection of the very cells
that cause autoimmune diseases can provide protection against autoimmunity. In
order to avoid the induction of autoimmunity, autoreactive cells are either injected at very low concentrations, or are attenuated before injection. It has been
shown for several autoimmune diseases, including experimental autoimmune encephalomyelitis (EAE) [2], adjuvant arthritis [17] and insulin-dependent diabetes
mellitus [15] that this controlled administration of autoreactive cells can change
the state of the immune system from susceptibility to a state in which the animal
is protected against induction of the autoimmune disease. The key players in TCV
are self antigens, autoreactive T-cells and anti-idiotypic T cells which recognize
peptides from the T-cell receptor (TCR) of the autoreactive T-cells.
The coupling of interactions between these key players can give rise to counterintuitive behaviour, which may be difficult to understand by intuitive reasoning
alone. Several mathematical and bioinformatic models have been developed to
help interpret the ever growing body of empirical data on TCV. The beauty of
these models lies in their simplicity; the largest contribution to our understanding of the role of anti-idiotypic regulation in protection against autoimmunity
has come from relatively simple models that have generated transparency in the
growing body of experimental results on TCV.
In the late 1990s it became clear that besides the presence of anti-idiotypic T-cells,
the Th1/Th2 phenotype of the T-cells involved, plays an important role in the
induction of protection against disease [21]. This chapter first gives a historical
overview of the diverse theoretical models that have been developed to understand the role of anti-idiotypic cells in TCV. Subsequently, a new phenomenological model is introduced incorporating both anti-idiotypic interactions and the
influence of Th1/Th2 switches to study their roles in TCV. To build the model we
used data from EAE, the mouse model of multiple sclerosis (MS) that shares several of its pathological and immune dysfunctions. Our phenomenological model,
including only four cell types, reproduces all experiments on TCV in EAE. It
thereby provides a framework pinpointing the interactions and mechanisms that
result in the complex behaviour observed in TCV experiments.

2

Experimental findings

It is still not completely understood how MS develops in human individuals, and
which regulatory mechanisms fail to maintain immune tolerance. In animal models of MS, MBP-reactive T-cells of the Th1 phenotype have been shown to be
encephalitogenic, while the presence of MBP-reactive T-cells with a Th2 phenotype has been found to protect against EAE [1, 23]. Experiments in BL10.PL mice
indicated that the pathological T-cells involved in EAE have a limited clonal di23
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versity [26]. During the course of disease there is a dominant T-cell clone reactive
to the MBP Ac1-9 peptide, which expands in the lymphoid organs and infiltrates
the CNS tissue [26] (see Figure 1a). This T-cell clone, which uses the Vβ 8.2−Jβ 2.7
TCR gene segments and has a Th1 phenotype, is lost from these tissues during
the spontaneous recovery phase, while many expansions of sub-dominantly Th2
MBP-reactive cells remain [26]. During the recovery phase there is an expansion
of anti-idiotypic T-cells which are reactive to the Vβ 8.2 epitope, B5 aa 76-101
(referred to as the TCR Fr3 peptide) of the TCR of the dominant MBP-reactive
T-cell clone [21]. After recovery, mice are naturally protected against rechallenge
with MBP.
The earliest TCV experiments have shown that autoimmunity can be avoided
in naive animals by artificial induction of anti-idiotypic cells, either via their direct injection, or by priming them through TCV with attenuated or low doses
of MBP-reactive cells, or by vaccination with the TCR Fr3 peptide of the dominant MBP-reactive clone (Figure 1b). More recently, it has been shown that
the Th1/Th2 phenotype of the anti-idiotypic cells is important for the success of
the induced anti-idiotypic regulation [21, 29, 22]. It was demonstrated that only
anti-idiotypic cells of the Th1 phenotype provide protection to EAE [22]. When
anti-idiotypic cells were primed by nasal instillation of the TCR Fr3 peptide,
which is known to deviate responses into a Th2 direction [20], no protection from
EAE was observed (Figure 1c). Instead this kind of priming led to the contraction of a more chronic and severe form of disease [21]. An important difference
between Th1 anti-idiotypic and Th2 anti-idiotypic cells is that the anti-idiotypic
cells with a Th1 phenotype can recruit CD8+ anti-idiotypic cells, whereas antiidiotypic cells with a Th2 phenotype cannot. The CD8+ anti-idiotypic cells have
been shown to deplete activated CD4+ T-cells of only the Th1 phenotype that
have a Vβ 8 gene segment in their TCR [18]. This explains why private expansions
of predominantly Th2 MBP-reactive cells persist after recovery from EAE, despite
the presence of anti-idiotypic T-cells [22, 18]. In summary, the Th1/Th2 phenotype of both anti-idiotypic cells and MBP-reactive cells plays a crucial role in
the regulation of EAE, but the precise mechanisms by which TCV occurs remain
elusive.

3
3.1

Historical overview of models for TCV
Automaton models

The first theoretical study of T-cell vaccination was the work of Atlan, Weisbuch, and Cohen [11, 35]. This work described several models defining interactions between antigen-specific helper T-cells, antigen-specific effector T-cells,
anti-idiotypic suppressor T-cells, anti-idiotypic helper T-cells, and antigen-specific
suppressor T-cells. Ignoring the sizes of these different T-cell populations, it was
assumed that each T-cell population is either “active” (1) or “in-active” (0). By
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a

Challenging BL10.PL mice with MBP activates a dominant Th1 clone reactive
against MBP peptide Ac1-9, and causes transient disease. Concomitant to recovery
there is an expansion of Th1 anti-idiotypic cells reactive to the Vβ 8.2 TCR peptide
B5 aa 76-101 (also referred to as the TCR Fr3 peptide) of the dominant autoreactive clone [21]. Re-challenge with MBP is not associated with disease and causes
expansion of sub-dominant Th2 autoreactive cells.

b

TCV with the TCR Fr3 peptide activates a Th1 anti-idiotypic clone. MBP challenges after TCV lead to the expansion of sub-dominant Th2 autoreactive clones
and are not associated with disease [21].

c

Nasal instillation of the TCR peptide Fr3 activates a Th2 anti-idiotypic clone. Challenge with MBP activates the dominant Th1 autoreactive clone and leads to severe
EAE [21].

Figure 1: TCV experiments in mice.
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keeping a fixed order of the different T-cell populations, the state of the immune
system was subsequently described by a vector, in which e.g. “11000” corresponds
to a state of autoimmunity in which antigen-specific helper cells and effector cells
are active. The model consisted of a series of transition rules between the different
states of the immune system.
TCV experiments were modelled by introducing effectors in the normal state
“00000” and by applying the transition rules of the model until a stable state of
the system was attained. A model like this would account for TCV if the introduction of antigen-specific effector T-cells can push the system to a state in which
the antigen-specific effector cells are suppressed. It was shown that autoimmunity
could never be a stable steady state in this model. Disease was therefore assumed
to be due to an inadequate network connection. Cohen & Atlan [11] proposed
that TCV might prevent autoimmunity by strengthening the connections in the
network.
Our first criticism on this work is that the model is rather loosely connected to the
data. It is based upon quite a large number of cell types and it is not obvious which
of the five cell types corresponds to which cell type in TCV experiments. Secondly,
autoimmune disease can also be interpreted as a “slow transient” leading to a state
of vaccination, and need not be due to an inadequate network connection. A slow
transient, however, is ill-defined in an automaton model.

3.2

Reverse engineering

Segel et al. [30, 31] used a very different approach by modelling the phenomenology of TCV, rather than the immunological processes underlying TCV, a method
called “reverse engineering.” The idea behind this approach is to investigate
which set of mathematical models can describe a set of immunological phenomena. These models can subsequently serve as a first step in developing more
realistic, data-based models.
The first step was to identify a set of stable steady states that suffices to describe all phenomena related to TCV. Segel et al. [30, 31] defined a normal state
in which the number of autoreactive T-cells is small, a disease state in which
the number of autoreactive T-cells is large, and a vaccinated state in which the
number of anti-idiotypic T-cells is large. They subsequently constructed different mathematical models that could account for these three stable steady states.
Secondly the set of initial conditions that led to each of the three stable steady
states was defined. Experiments have demonstrated that the effect of the injection of autoreactive cells into a healthy individual is dependent on the dose of the
injected cells: the injection of autoreactive cells should take the immune system
across a first “critical boundary” beyond which it approaches the vaccinated state,
while the injection of even more autoreactive cells would take the system across
a second boundary beyond which it approaches the disease state. Based on such
26
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constraints, Segel et al. [30, 31] developed a set of models that can account for
TCV. Although this reverse engineering approach is quite unusual, it has helped
to identify the different types of models that possibly provide insights into TCV,
and has suggested novel experiments. The model suggested that inoculating too
large a dose of autoreactive cells in an animal suffering from autoimmunity could
cure the animal without leading to vaccination [30], and has thereby allowed us
to “think the unthinkable” [31].

3.3

Idiotypic network models

Interactions in idiotypic networks have extensively been studied for B cells [36, 12,
13, 32], and were traditionally based on the assumption that idiotypic interactions
are symmetric, i.e. that a cell stimulates or inhibits its anti-idiotypic partner as
strongly as the anti-idiotypic partner stimulates or inhibits the specific cell. TCV
has briefly been investigated in an anti-idiotypic network model [28]. However,
the assumption of symmetric interactions does not hold for T-cells, because a
T-cell that recognizes the TCR of another T-cell via its presentation on MHC
molecules, is unlikely to be recognized by the latter T-cell.
Borghans et al. [4] developed a mathematical model of EAE that did not assume symmetric interactions between autoreactive and anti-idiotypic T-cells. The
model showed how complex features of the disease and induction of immunity by
TCV could be explained by a few relatively simple interactions between autoreactive and anti-idiotypic T-cells. The model was defined in terms of differential
equations describing the rate of change of these two T-cell populations. The core
of the model consisted of two feedback loops: a positive feedback loop between
autoreactive T-cells and the expression of self antigen, and a negative feedback
loop between autoreactive T-cells and anti-idiotypic T-cells. The negative feedback loop was based on the experimental observation that anti-idiotypic T-cells
proliferate in response to autoreactive T-cells, while autoreactive T-cells are inhibited by anti-idiotypic T-cells. The positive feedback loop was based on the
assumption that activated autoreactive T-cells produce cytokines that enhance
the presentation of self antigen [5]. Hence autoreactive cells stimulate their own
proliferation, leading to clonal expansion and autoimmunity.
The model has two stable steady states, a passive state and an active state of
self-tolerance, denoted as the naive state and the vaccinated state, respectively.
In the naive state both the autoreactive T-cell clone and the anti-idiotypic T-cell
clone are non-activated, while in the vaccinated state autoreactive T-cells are actively suppressed by anti-idiotypic T cells. Disease was defined as a transient of
very high autoreactive T-cell numbers which could be reached by increasing the
number of autoreactive T-cells in the naive state beyond a certain threshold. If
the increase was sufficiently large (e.g. due to the presence of a self-mimicking
antigen), the autoreactive T-cells would continue to proliferate and clonally expand until the anti-idiotypic T-cell clone would expand as well and suppress the
27
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autoreactive T-cell clone.
Vaccination in the model corresponded to a switch from the naive state to the
vaccinated state without going through this transient of disease. The model predicted qualitatively different results for vaccination with a low-dose of autoreactive
T cells, leading to long lasting protection, and vaccination with attenuated autoreactive T-cells or anti-idiotypic T-cells, both leading to a temporary increase
in anti-idiotypic T-cell numbers resulting in dose-dependent transient protection
from disease.

4

New TCV model including Th1/Th2 differentiation

None of the above models took into account the more recent finding that the
Th1/Th2 phenotype of both autoreactive and anti-idiotypic T-cells plays an important role in the outcome of TCV. We therefore developed a new model to
combine the experimental findings on Th1/Th2 regulation in EAE with the interactions between autoreactive and anti-idiotypic T-cells that were described in
the previous model [4]. In the previous model [4], T-cell clones required sustained antigen presentation to remain at an elevated population size. Instead, we
modeled a state of immunological memory giving distinct primary and secondary
immune responses without the need for sustained exposure to antigen to maintain
the memory cells. Below we first describe the phenomenological basis of the new
model, then show how we extended the model with differentiation of naive T-cells
into a Th1 or Th2 phenotype, and finally illustrate how regulation of autoreactive
T-cells by anti-idiotypic T-cells was incorporated to study TCV.

4.1

General T-cell model

Our general T-cell model combines naive, memory, and effector cells of one particular T-cell clone into a single variable T . Changes in the number of cells of this
clone are described by:
dT
= influx + antigen-dependent proliferation + memory renewal − cell death
dt
(1a)
dT
T2
= i + pT S + m 2
− dT
dt
h + T2

(1b)

Here i is a small daily production of naive T-cells by the thymus, and possibly
naive T-cell renewal. Cells die naturally at a rate d per day. Foreign antigenic
stimulation, S, which may vary between zero and one, decays exponentially at
rate r per day, i.e. S(t) = e−rt , reflecting the rate at which the foreign antigen
is cleared. Antigen-dependent T-cell proliferation occurs at maximal rate p per
28
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Figure 2: Primary and secondary responses in the general T-cell model. Steady
states are depicted by horizontal lines; solid lines denote the stable naive and memory states and the dotted line denotes the unstable state. The unstable steady
state forms the boundary (separatrix) between the basins of attraction of the stable
steady states. Immune responses after primary stimulation at day 0 (S=1), and
after re-stimulation at day 30 (S=1) are shown by the thick curves. Arrows indicate
the attraction towards the stable steady states and antigen stimulation is denoted
by the thin curves. Parameters: i = 1 cell/day, p = 2 per day, m = 500 cells/day,
h = 100 cells, d = 1 per day, f = 0.9, r = 0.1, S(t) = e−rt .

day when antigen stimulation is maximal, i.e. S = 1. If the T-cell population size
becomes large enough, the threshold for memory T-cell induction is breached. At
a clonal population size of T = h, memory renewal division proceeds at half its
maximal rate of m cells per day.
When parameters are set properly, this equation allows for maximally three steady
states. The first steady state is the state in which the T-cell clone is naive and
there is no T-cell memory because it has not yet encountered (enough) antigen
(T  h). Because the contribution of the proliferation term and the memory renewal term can be neglected in this state, the number of T-cells in the naive steady
state is approximately T = i/d cells. When a naive T-cell clone is temporarily exposed to antigen with the appropriate co-stimulatory signals, antigen-dependent
proliferation sets in and initiates clonal expansion. As a result, the population
size breaches the threshold for memory induction. When memory sets in, another
steady state can be reached. Once the antigen has been cleared, and the T-cell
2
clone is sufficiently large, the model can be simplified into dT /dt = m h2T+T 2 − dT
because the small production i by the thymus has a negligible contribution compared to memory T-cell renewal divisions. Calculating the steady states of this
2
equation shows that there is a large stable steady state of T ' m/d − d·h
m cells
2
and a smaller unstable steady state of T ' d·h
m cells. The above described total
of three steady states are obtained if the threshold for memory T-cell induction
is substantially higher than the naive clonal population size, i.e. if h  i/d.
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To illustrate that the above model correctly describes naive and memory responses
to antigen, we simulated the response of a T-cell clone to repeated antigenic
stimulation (Figure 2). When a naive T-cell clone was challenged with antigen
at day 0, the T-cell clone expanded and breached the threshold for the induction
of memory T-cells. A primary immune response was initiated reaching a peak of
± 4000 cells at approximately seven days post-stimulation. When the stimulus
decreased, memory renewal divisions took over and maintained the T-cell clone at
approximately 500 cells. When this T-cell clone was rechallenged with the same
antigen at day 35, the secondary immune response reached a peak of ± 20000
T-cells and eventually returned to the same memory state.

4.2

A Phenomenological Th1/Th2 model

Model description
The balance between Th1 and Th2 responses has been modeled before, among
others by Fishman et al. [14], Louzoun et al. [25] and Yates et al. [37]. These earlier models were quite detailed, in that they were based on the specific influences
of various cytokines. In order to understand the effect of the Th1/Th2 switch
on TCV, we prefered a simpler caricature model for the Th1/Th2 balance; this
allowed us to focus on the effect of T-cell phenotypes in a complex multi-cellular
regulatory system, rather than on the precise Th1/Th2 molecular machinery.
Differentiation of a naive T-cell towards a Th1 or Th2 phenotype is dependent on
its cytokine environment. Since T-helper cells secrete cytokines that enhance differentiation into their own phenotype and inhibit differentiation into the opposite
phenotype, we made T-cell differentiation dependent on the fraction of Th1 and
Th2 cells present. To keep track of the number of Th1 and Th2 cells, the general
T-cell model was applied to Th1 and Th2 cells separately:
T2
dT1
= i + pT1 Sv
+ m 2 1 2 − dT1
dt
h + T1
dT2
T2
= i + pT2 S(1 − v) + m 2 2 2 − dT2
dt
h + T2

(2a)
(2b)

Here, T1 and T2 represent the number of T-cells with a Th1 or Th2 phenotype,
respectively, and v (0 < v < 1) is a function representing the influence of the Th1
and Th2 cells on the differentiation of naive cells into Th1 cells:
v=

T1
T1 + f T2

(3)

Because the influence of cytokines is most important during the onset of the initial
immune response, when the activated T-cell clone is maturing into one particular phenotype, the function v only influences antigen-dependent proliferation. We
assumed that daughter cells arising by memory renewal take over the same phenotype as their progenitors. Indeed, it has been shown that memory T-cells of either
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the Th1 or Th2 phenotype, are much less likely to switch to the opposite phenotype than naive T-cells, when exposed to changes in the cytokine environment
[9, 19]. The parameter f was used to favour differentiation into either of the two
phenotypes. Because the dominant T-cell response in mice with MBP-induced
EAE is typically of the Th1 phenotype [1] we set f = 0.9, thereby introducing
a small bias in favour of Th1 differentiation (i.e. at equal Th1 and Th2 densities, v = 0.53). Every clone alone has its own independent memory-renewal term
that will maintain a population of memory cells once the threshold for memory
induction is breached.
Steady state description
Since the v-function is the only difference between the the general T-cell model
and the equations of the phenomenological Th1/Th2 model, each phenotype equation has the same two stable steady states as the general T-cell model: the naive
state and the memory state. We will represent the different steady states by assigning ’0’ to naive clones and ’1’ to memory clones, in the order ’T1 T2 ’. Thus, the
naive state is denoted by ’00’, the Th1-dominated memory state by ’10’, the Th2dominated memory state by ’01’, and the state with both memory phenotypes by
’11’. In our model the latter state cannot be attained through antigenic stimulation, and is only reached if memory Th1 and Th2 cells are artificially brought
together.
Like before, we simulated the response to repeated stimulation with antigen, now
following both the Th1 and the Th2 cells. After antigen stimulation at day 0 (S =
1), at first both clones expanded, but since the model favours differentiation into
the Th1 phenotype, the Th2 clone was rapidly inhibited by the more dominant
Th1 response. Stimulation was strong enough to drive the Th1 population over
the threshold for memory induction, so that a stable Th1-dominated response (10)
was maintained in the absence of stimulation (Figure 3a). The same behaviour
can be depicted by plotting the number of Th1 autoreactive cells against the
number of Th2 autoreactive cells (Figure 3b). Antigenic stimulation pulled the
system out of the basin of attraction of the naive steady state, into the basin
of attraction of the Th1 dominated memory state 10. In this 10 memory state
the function v approximated one, making it impossible to obtain a Th2 response
by re-stimulation with antigen as shown in Figure 3a where the system was restimulated at day 30.

4.3

TCV model with anti-idiotypic regulation and Th1/Th2
differentiation

We used the phenomenological Th1/Th2 model described above to extend the
model for anti-idiotypic regulation in EAE [4]. The model consists of four CD4+
T-cell clones, a Th1 autoreactive clone (A1 ), a Th2 autoreactive clone (A2 ), a
Th1 anti-idiotypic clone (R1 ) and a Th2 anti-idiotypic clone (R2 ). The Th1 au31
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Figure 3: a: Primary and secondary responses in the phenomenological Th1/Th2
model. Steady states are depicted by horizontal lines; solid lines denote the stable
naive and memory states and the dotted line denotes the unstable state. The unstable steady state forms the boundary (separatrix) between the basins of attraction
of the stable steady states. Immune responses after primary stimulation at day 0
(S=1), and after re-stimulation at day 30 (S=1) are shown by the thick curves.
Antigen stimulation is denoted by the arrows and the thick solid curve denotes
the Th1 cells and the dashed thick curve denotes the Th2 cells. b: The number
of Th1 cells (T1) plotted against the number of Th2 cells (T2) for the Th1/Th2
phenomenological model. Stable and unstable steady states are shown as solid and
open squares, respectively. Arrows indicate the attraction towards the stable steady
states and bold lines represent the separatrices between the basins of attraction of
the steady states. The grey curve depicts the trajectory the model makes after
primary stimulation (S = 1). Parameters: i = 1 cell/day, p = 2 per day, m = 500
cells/day, h = 100 cells, d = 1 per day, f = 0.9, r = 0.1, S(t) = e−rt .

32

EAE in mice
toreactive clone, A1 , is the dominant Vβ 8.2 − Jβ 2.7 T-cell clone, which induces
a response against the immuno-dominant MBP peptide Ac1-9 in BL10.PL mice.
The Th2 autoreactive cells are stimulated by other, sub-dominant, MBP epitopes,
and have a different T-cell receptor [26]. In contrast, both Th1 anti-idiotypic cells
and Th2 anti-idiotypic cells are of the same clonal origin and reactive to the same
peptide, the dominant TCR peptide Fr3 of the Th1 autoreactive T-cells. As a
consequence, only the Th1 autoreactive cells are down-regulated by anti-idiotypic
cells. Since only Th1 anti-idiotypic cells can activate CD8+ cytotoxic T-cells, they
are the ones that have an inhibitory effect on the autoreactive Th1 cells while the
Th2 anti-idiotypic cells do not have any direct influence on the autoreactive Th1
clone [26].
Because both Th1 autoreactive cells and Th2 autoreactive cells are activated by
MBP on probably the same APCs, the cytokine environment in which both clones
are activated is expected to be very similar. We therefore assumed that upon
activation, Th1 autoreactive cells and Th2 autoreactive cells exert an inhibitory
effect on each other as described in the phenomenological Th1/Th2 model. The
same was done for the inhibitory effect between the Th1 anti-idiotypic cells and
Th2 anti-idiotypic cells which are both activated by the same peptide. The above
mentioned interactions between the autoreactive Th1 and Th2 clones and the
anti-idiotypic Th1 and Th2 clones are represented schematically in Figure 4, and
are mathematically described by the following differential equations:
dA1
dt
dA2
dt
dR1
dt
dR2
dt

A21
h2 + A21
A2
= i + pA2 S(1 − vA ) + m 2 2 2
h + A2
R2
= i + pR1 SR vR
+m 2 1 2
h + R1
R2
= i + pR2 SR (1 − vR ) + m 2 2 2
h + R2
= i + pA1 SvA

+m

where

− dA1 − kA1 R1

(4a)

− dA2

(4b)

− dR1

(4c)

− dR2

(4d)

vA =

A1
A1 + f A2

(5)

vR =

R1
R1 + f R2

(6)

and

Note that anti-idiotypic CD8+ cells are not modelled explicitly; instead, their
recruitment is assumed to be proportional to the number of Th1 anti-idiotypic
cells (A1 ). Therefore the anti-idiotypic suppression term is −kA1 R1 , with a suppression rate k per R1 cell per day.
To model the antigenic stimulation of the anti-idiotypic cells we adopted the stimulation function proposed by Borghans et al. [4], which saturates as a function of
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Figure 4: Schematic representation of the interactions between the T-cells of the
new TCV model including Th1/Th2 differentiation. A1 = MBP-reactive Th1 cells,
A2 = MBP-reactive Th2 cells, R1 = anti-idiotypic Th1 cells and R2 = anti-idiotypic
Th2 cells.

the number of Th1 autoreactive cells, and which involves competition for antigen
binding between anti-idiotypic cells:
SR =

A1
A1 + c(R1 + R2 ) + hR

(7)

Here, c determines the strength of the competition, and prevents unrealistically
high levels of anti-idiotypic cells during sustained antigen stimulation. In the
absence of competition (c(R1 + R2 ) = 0), half-maximal stimulation is reached at
A1 = hR Th1 autoreactive cells. The parameter hR thus determines the sensitivity
of the anti-idiotypic cells for activation by the Th1 autoreactive cells. There is no
direct interaction between the Th2 autoreactive cells and any of the anti-idiotypic
cells (see Figure 4). In fact, the only influence the Th2 autoreactive population
exerts on the system is its inhibitory effect on the differentiation of autoreactive
cells into Th1 cells.
Steady state description
Just like in the general T-cell model, every clone can only be in either of two stable
steady states, the stable naive or the stable memory state. Without interactions
between the clones this yields a maximum of 24 = 16 stable steady states. Again,
steady states are represented by assigning ’0’ to naive clones and ’1’ to memory
clones; ’x’ is used to denote that a clone can be either naive or memory, and the
states of the clones are given in the order ’A1 A2 R1 R2 ’.
In the presence of interactions between the clones there are fewer stable steady
states. We chose hR high enough to ensure that a naive Th1 autoreactive cell
population (A1 ) would not cause expansion of the anti-idiotypic cells (hR  i/d)
and small enough to allow the anti-idiotypic cell population to expand beyond the
memory threshold when the Th1 autoreactive cells approach their memory state
2
(hR  m/d − d·h
m ). By doing so, the 1x00 states no longer existed, because the
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Figure 5: Primary stimulation and secondary challenge with MBP in the new
model with anti-idiotypic regulation and Th1/Th2 differentiation. The left-hand
panel depicts a time plot, the right-hand panel depicts a phase diagrams. Righthand side: Only primary stimulation is shown. In the time plot a small arrows
depicts A1 cells stimulation and the dotted line depicts the threshold for memory.
In the phase diagram solid and open squares depict stable and unstable steady
states respectively. Thick solid lines depict the separatrices between the stable
steady states and the arrows indicate the direction of the attraction. The region
in which the Th1 autoreactive population is large is interpreted as ”disease” and
reached when the thick dashed line is crossed. Trajectories after stimulation (S = 1)
are depicted by the grey curves. Parameters: i = 1 cell/day, p = 2 per day, f = 0.9,
m = 500 cells/day, h = 100 cells, d = 1 per day, r = 0.1 per day, c = 0.1, hR = 10
cells, k = 0.01 per day.

memory Th1 autoreactive cells would stimulate the anti-idiotypic cells to expand.
The suppression parameter was set such that once the Th1 anti-idiotypic cells
(R1 ) have reached their memory state, their influence would be strong enough to
keep the Th1 autoreactive cells (A1 ) at a very low level. Consequently, the 1x1x
states were also no longer steady states of the model, because the anti-idiotypic
suppression ensures that memory Th1 autoreactive cells and memory Th1 antiidiotypic cells cannot exist together.
The above parameter setting removed six steady states, i.e., 2× (1x00) + 4×
(1x1x), from the model leaving 10 stable steady states (see Table 1).

4.4

Results

Antigen-induced EAE and re-challenge
We simulated antigen-induced EAE (experiment in Figure 1a) by starting the system in the naive steady state (0000) and setting S = 1 at day 0, which stimulates
both autoreactive clones (Figure 5). Immediately after the antigenic stimulation,
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clonal expansion of both autoreactive clones started at maximal proliferation rate
p. Due to the imposed Th1 bias (f = 0.9), the autoreactive response differentiated into a Th1 phenotype, and within a few days the Th2 autoreactive cells
fell back to their naive level (Figure 5). Stimulated by the expansion of the Th1
autoreactive cells both anti-idiotypic populations started to expand. Just like
the autoreactive response, the anti-idiotypic response differentiated into a Th1
phenotype within a few days, and the Th2 anti-idiotypic (R2 ) cells started to fall
back to their naive level. Subsequently, the expanding Th1 anti-idiotypic (R1 )
cells started to suppress the Th1 autoreactive (A1 ) cells. By the time the Th1
anti-idiotypic population approached its memory level, the Th1 autoreactive population had decreased dramatically from ± 1000 cells until below the naive level.
Deprived of antigenic stimulation due to this drop in the number of Th1 autoreactive cells, the Th1 anti-idiotypic population started to fall back to its memory
level. This stable steady state 0010 was subsequently maintained by memory renewal divisions of the Th1 anti-idiotypic cells. The same behaviour was observed
when the number of Th1 autoreactive cells (A1 ) was plotted against the number
of Th1 anti-idiotypic cells (R1 ) (Figure 5, right-hand side). Antigenic stimulation
pulled the system out of the basin of attraction of the naive steady state, through
the region of disease and then towards steady state 0010. Stimulating the autoreactive Th1 cells with antigen thus led to a temporal increase in the number of
autoreactive cells, which got cured by the induction of anti-idiotypic Th1 cells, in
line with the experimental observations in mice (Figure 1a).
Since most animals that have contracted EAE are subsequently resistant to the
disease, we tested what happens if the autoreactive cells in the 0010 steady state
are re-stimulated by antigen at day 20 (Figure 5 left-hand side). The Th2 autoreactive cells could expand in response to the stimulation, because they were
not inhibited by Th1 autoreactive cells, which were still suppressed by the Th1
anti-idiotypic clone. The stimulation brought the Th2 autoreactive cells, which
are not suppressed by anti-idiotypic cells, over the threshold for memory induction. However, the presence of Th2 autoreactive cells failed to influence the other
T-cell populations, and once the antigenic stimulation had faded, the system approached the steady state with Th2 autoreactive and Th1 anti-idiotypic memory
cells (0110, Figure 5 left-hand side, day 40). Thus re-challenge did not lead to an
expansion of disease-causing Th1 autoreactive cells (Figure 5), in accordance with
the experimental results (Figure 1a). Follow-up stimulations of the autoreactive
cells caused the Th2 autoreactive memory cells to expand temporarily, as long as
the stimulation lasted, but the system always returned to the same steady state
(0110, not shown).
T-cell vaccination with TCR Fr3 peptide
TCV with the TCR Fr3 peptide of the autoreactive cells, activates Th1 antiidiotypic T-cells (R1 ). We therefore simulated TCV in a Th1 context by initializing the Th1 anti-idiotypic cells at their memory level, i.e. by initiating the system
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Figure 6: Nasal instillation with the TCR Fr3 peptide and subsequent challenge
with MBP on day 10 in the new model with anti-idiotypic regulation and Th1/Th2
differentiation. The left-hand panel depicts a time plot, the right-hand panel depicts a phase diagrams. Nasal instillation activates Th2 anti-idiotypic cells and was
simulated by setting the Th2 anti-idiotypic cells at their memory state at t=0. (for
legend and parameter values see caption Figure 5)

at steady state 0010. When the autoreactive cells in the system were subsequently
stimulated (S = 1), only the Th2 autoreactive cells responded to the stimulation
and after the antigen was cleared the system approached state 0110 (similar to
Figure 5, left-hand side, day 20). Thus, in accordance with the experimental
findings (Figure 1b), TCV in a Th1 context did not cause autoimmune disease.
Nasal instillation with TCR Fr3 peptide
We also simulated nasal instillation with TCR Fr3 peptide, by setting the Th2
anti-idiotypic cells at their memory level, i.e. by starting the system in state 0001
(Figure 6). When the autoreactive cells were subsequently stimulated with antigen on day 10 (S = 1), the autoreactive response rapidly differentiated into a Th1
phenotype. Stimulated by the expansion of the Th1 autoreactive cells, the Th2
anti-idiotypic memory population started to expand suppressing the activation of
the Th1 anti-idiotypic cells. When the antigen was cleared, the Th1 autoreactive
population fell back to its memory level. The Th1 autoreactive memory population continued to stimulate the Th2 anti-idiotypic population, leading the system
to state 1001. The same behaviour can be depicted by plotting the number of
Th1 autoreactive cells (A1 ) against the number of Th2 anti-idiotypic cells (R2 )
(Figure 6 right-hand side). Antigenic stimulation in state 0001, pulled the system
out of the basin of attraction of the 0001 state, into the disease region, towards
steady state 1001.
Antigen challenge after TCV by nasal instillation thus led the system to a state
of permanent autoimmunity in the presence of Th2 anti-idiotypic cells (Figure 6).
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This is in line with the experimental observation that mice that are challenged
with antigen after TCV through nasal instillation get severe EAE and do not
recover (Figure 1c). Re-stimulation of the autoreactive cells in this state led to an
even further, temporary, expansion of the Th1 autoreactive population followed by
a temporary re-expansion of the Th2 anti-idiotypic population. After the antigen
had been cleared the system returned to the 1001 state (not shown).
Protection by Th2 autoreactive cells
From experiments on EAE in mice it became clear that Th2 responses to MBP
do not cause disease [26, 38], and can even be protective [26, 29]. To study
the influence of Th2 autoreactive cells in our model, the system was initiated in
the state 0100, in which only autoreactive Th2 memory cells are present. When
both autoreactive T-cell clones were subsequently stimulated by antigen, only
the Th2 autoreactive T-cell clone expanded, because of the memory Th2 cells
already present (Figure 7 left-hand side). The autoreactive Th1 cells failed to
respond because they were suppressed by the autoreactive Th2 memory cells.
Both anti-idiotypic clones R1 and R2 remained in their naive state, because the
Th2 autoreactive cells failed to stimulate them. The same behaviour was depicted
by plotting the number of Th1 autoreactive cells (A1 ) against the number of Th2
autoreactive cells (A2 ) (Figure 7 right-hand side). The system was pushed out of
state 0100 by the antigenic stimulation but could not leave the basin of attraction
of state 0100, and was therefore pulled back to state 0100 after the stimulation
faded away. These simulations suggest that 0100 is an alternative “vaccinated”
state in the absence of anti-idiotypic regulation, in which Th2 autoreactive cells
avoid the outgrowth of Th1 autoreactive cells.
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A All steady states
B
0000
0001

Naive/Vulnerable
0000 ⇒ 1000 → 1010 → 0010
0001 ⇒ 1001

Vaccinated
1000 → 1010 → 0010
1011 → 0011
0100
0101
1100 → 1110 → 0110
1111 → 0111

0010 ⇒ 0110
0011 ⇒ 0111
0100 ⇒ 0100
0101 ⇒ 0101
0110 ⇒ 0110
0111 ⇒ 0111

Disease
1001
1101

1001 ⇒ 1001
1101 ⇒ 1101

Table 1: Behavior of the four-dimensional model in a logical framework. A: Stable
steady states approached when the system is initiated in either of the 16 steady
states of the model. The stable steady states are shown in boldface. The arrows
indicate the states passed when converging from each of the possible steady states
to the stable steady states. B: The response of the model to antigenic stimulation
of the MBP-reactive cells, S(t) = e−rt , starting from the ten stable steady states.
Stimulation is indicated by ⇒.

Summary of the results
The above in silico experiments show that the effect of stimulating autoreactive
cells depends crucially on the initial state of the system. To summarize all possible
effects, we have stimulated the autoreactive T-cells in all stable steady states,
and categorized them according to the result of the stimulation (Table 1). The
stable steady states of this four-dimensional model can be categorized as follows:
’Naive/Vulnerable’ (0000, 0001), ’Vaccinated’ (0100, 0010, 0110, 0101, 0011, 0111)
and ’Disease’ (1001, 1101). In the vaccinated states the system is protected from
disease since stimulation does not lead the system through the disease region. The
vulnerable states do not lie within the disease region, but stimulation starting from
such a state will bring the system to a state in the disease region. Within the
logic framework of Table 1 we depicted the activation or depletion of the four
different T-cell populations during these stimulations without drawing a full time
plot (like was done in the early automaton models [11, 35] ).

5

Discussion

Over the last years the use of models that attempt to provide a full description
of the immune system has gained considerable popularity (eg. IMMSIM [8, 3]
and Simmune [27]). Such general models attempt to include all of the detailed
immunological knowledge that is available. There is no chance, however, that
any model will ever be complete, no matter how much detail is incorporated,
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and a great disadvantage of this complex modelling approach is that it hampers
the interpretation of the results, and thereby often fails to deliver insights into
the experimental findings. We are convinced that the beauty of more conceptual
models lies in their simplicity and transparency, which truly helps to improve our
insights into complex systems like the immune system [24]. In that respect we
fully agree with the previously made statement: ”All models are wrong, but some
are useful” [6], and although many models ”certainly do not capture the reality
in full, and no model does ... they capture certain aspects and give a general
direction on how to understand the issue better [7].”
Despite the relative simplicity of our mathematical model for the role of Th1/Th2
phenotypes in TCV, all of the in silico experiments are in good agreement with
the experimental observations on TCV. The model accounts for i. transient disease after a first encounter with an MBP-mimicking antigen, ii. protection from
EAE after TCV in a Th1-mode, iii. exacerbation of disease after TCV in a Th2
context and, iv. the shift from a Th1-dominated MBP-reactive response to a Th2dominated response after TCV. All of these phenomena are apparently a natural
consequence of the interactions between the different T-cell populations involved.
The fact that anti-idiotypic cells could shift the phenotype of autoreactive cells
from a Th1 to a Th2 phenotype following TCV was initially conceived with surprise [10]. Our modelling results show, however, how such a Th1/Th2 shift of
autoreactive cells results from the interactions between anti-idiotypic cells and
Th1 and Th2 autoreactive cells, without the need for any direct influence of antiidiotypic cells on the phenotype of autoreactive cells. The shift arises naturally
because Th1 anti-idiotypic cells only suppress the Th1 autoreactive cells, and thus
allow the Th2 autoreactive cells to proliferate in response to MBP stimulation.
Our previous model [4] already showed the general features of TCV in EAE by
modeling anti-idiotypic regulation alone. There are, however, several important
differences between the current and the previous model. In the new model autoreactive T-cells can be maintained by memory renewal, while in the previous model
they could only be maintained by the positive feedback between autoreactive cells
and the presentation of their self peptide. As a result, the previous model showed
a qualitative difference between vaccination with attenuated autoreactive cells,
and vaccination with a low dose of live autoreactive T-cells [4]. Vaccination with
attenuated autoreactive cells could only give rise to transient protection from disease, because it failed to trigger the positive feedback loop between autoreactive
cells and self antigen, while low-dose vaccination with live autoreactive cells could
give rise to long-lasting protection from disease. In the new model both methods
of vaccination give rise to long-lasting protection, because Th1 anti-idiotypic cells
can be maintained by memory renewal.
Another characteristic of the previous model was that it could explain relapsingremitting disease by changing only one parameter of the model [4]. Relapsing40
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remitting disease characterized by sporadic attacks (relapses) followed by a period
of partial or total recovery (remission) is commonly seen in MS patients. In the
current model we have not yet found a parameter setting that could give rise to
such relapses, which does not exclude the possibility that a more extensive parameter search would have revealed this kind of dynamic behaviour. Alternatively,
relapses may be due to other mechanisms that are not included in the models,
such as the emergence of new autoreactive clones. Indeed, in clinical trials of
TCV in MS patients, new T-cell responses against MBP with similar functional
properties but different clonal origins compared to the cells that were used for
TCV have repeatedly been observed a few years after TCV [16]. Such novel autoreactive responses against MBP have, however, never been observed after TCV
in mice. A possible explanation for this discrepancy is that most experiments on
TCV in mice have been performed on H-2u strains of BL10.PL mice. These mice
have a T-cell repertoire of which 60% expresses the Vβ 8 chain (personal communication V. Kumar). When Th1 anti-idiotypic cells become activated they can
down-regulate all activated Th1 cells expressing this TCR chain, which should
leave the mice with only 40% of their repertoire.
Summarizing, simple mathematical models have contributed significantly to our
understanding of the role of anti-idiotypic regulation in TCV. By also including
Th1/Th2 phenotype switches, the current TCV model helps to structure TCV
experiments by showing how the large variety of experimental observations on
TCV naturally results from a few relatively simple interactions between Th1 and
Th2 autoreactive and anti-idiotypic cells.
Very recently, a novel population of nonintestinal CD8alphaalpha+TCRalphabeta+
regulatory T cells (Treg) has been shown to be capable of controlling the activated Vbeta8.2+ CD4+ T cells that mediate EAE. Adoptive transfer or in vivo
activation of these CD8+ Treg cells was shown to prevent the induction of EAE
[33, 34]. Extension of the here proposed model with this class of CD8+ Treg cells
may shed light on the relative contribution of anti-idiotypic CD4+ T cells and
these CD8+ Treg cells in TCV experiments.
acknowledgements: The authors would like to thank Vipin Kumar and Eli
Sercarz for extensive discussions on the topic of TCV, and are grateful to Vipin
Kumar for critically reading the manuscript.

41

Chapter 2

References
[1] D.G. Ando, J. Clayton, D. Kono, J.L. Urban, and E.E. Sercarz. Encephalitogenic
T cells in the B10.PL model of experimental allergic encephalomyelitis (EAE)
are of the Th-1 lymphokine subtype. Cell
Immunol, 124(1):132–43, 1989.

[11] I. R. Cohen and H. Atlan. Network
regulation of autoimmunity: an automation model. J Autoimmun, 2(5):613–625,
1989.
[12] R. J. de Boer and A. S. Perelson. Size
and connectivity as emergent properties
of a developing immune network. J Theor
Biol, 149(3):381–424, 1991.

[2] A. Ben-Nun, H. Wekerle, and I. R. Cohen. Vaccination against autoimmune
encephalomyelitis with t-lymphocyte line
cells reactive against myelin basic protein.
Nature, 292(5818):60–61, 1981.

[13] R. J. de Boer, M. Boerlijst, B. Sulzer,
and A. S. Perelson. A new bell-shaped
function for idiotypic interactions based
on cross-linking. Bulletin of Mathematical Biology, 58(2):285–312, 1996.

[3] M. Bernaschi and F. Castiglione. Design
and implementation of an immune system
simulator. Comput Biol Med, 31(5):303–
331, 2001.

[14] M. A. Fishman and A. S. Perelson.
Th1/th2 cross regulation.
J
Theor Biol, 170(1):25–56, 1994.
doi:
10.1006/jtbi.1994.1166.

[4] J. A. Borghans, R. J. De Boer, E. Sercarz,
and V. Kumar. T cell vaccination in experimental autoimmune encephalomyelitis: a mathematical model. J. Immunol.,
161:1087–1093, 1998.

[15] B. Formby and T. Shao. T cell vaccination
against autoimmune diabetes in nonobese
diabetic mice. Ann Clin Lab Sci, 23(2):
137–147, 1993.

[5] G. F. Bottazzo, R. Pujol-Borrell,
T. Hanafusa, and M. Feldmann. Role of
aberrant hla-dr expression and antigen
presentation in induction of endocrine autoimmunity. Lancet, 2(8359):1115–1119,
1983.
[6] G.E.P. Box. Robustness in the strategy of
scientific model building. Academic Press:
New York., 1979.
[7] D. Butler and J. Hogan.
Modellers seek reason for low retraction
rates. Nature, 447:236–7, 2007. doi:
doi:10.1038/447236b.
[8] F. Celada and P. E. Seiden. A computer
model of cellular interactions in the immune system. Immunol Today, 13(2):56–
62, 1992.
[9] R. L. Coffman. Origins of the t(h)1t(h)2 model: a personal perspective.
Nat Immunol, 7(6):539–541, 2006. doi:
10.1038/ni0606-539.
[10] I. R. Cohen. T-cell vaccination for autoimmune disease: a panorama. Vaccine.,
20:706–710, 2001.

42

[16] G. Hermans, R. Medaer, J. Raus, and
P. Stinissen. Myelin reactive T cells after T cell vaccination in multiple sclerosis:
cytokine profile and depletion by additional immunizations. J. Neuroimmunol.,
102:79–84, 2000.
[17] J. Holoshitz, Y. Naparstek, A. Ben-Nun,
and I. R. Cohen. Lines of t lymphocytes
induce or vaccinate against autoimmune
arthritis. Science, 219(4580):56–58, 1983.
[18] H. Jiang, N. S. Braunstein, B. Yu,
R. Winchester, and L. Chess. CD8+ T
cells control the th phenotype of mbpreactive CD4+ T cells in eae mice. Proc
Natl Acad Sci U S A, 98(11):6301–6306,
2001. doi: 10.1073/pnas.101123098.
[19] X. Jiao, R. Lo-Man, N. Winter,
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Abstract
Paratuberculosis in cows is a chronic disease caused by Mycobacterium avium
subspecies paratuberculosis (MAP) with substantial economic and welfare effects.
The course of infection and progression into disease differs greatly between cows
although typically the cows initiate predominantly Type 1 responses against infection which later change into predominantly Type 2 responses. Longitudinal
studies suggest that Type 1 immune responses against MAP are protective while
Type 2 response are permissive. However, direct evidence and a thorough understanding of why one type of response would be able to control disease while
the other fails, is lacking. In this study we aim to find if there is a fundamental mechanistic reason why a Type 1 response would be protective and a Type
2 response would not. For this aim we construct a basic mathematical model
that describes known interactions between MAP bacteria, macrophages and the
two mechanistically different Type 1 and Type 2 adaptive immune responses. The
model allows us to study the differential effect (both qualitative and quantitative)
of the two responses on disease progression. In addition, we input the immune
response measurements from a 4-year longitudinal study into the model and compare the results of the model with faecal shedding measurements from the same
longitudinal study. From the model we find no mechanical or biological impediment preventing a Type 1 or a Type 2 adaptive response from controlling and
clearing the infection. By comparing model results to the faecal excretion data we
find that the Type 1 response in the cows can stop the initial growth of infection
even if it does not have the critical killing rate needed to control the infection.
Our results suggest that the killing rate of the Type 2 response in these cows is
not strong enough to control infection. We find that in order to control infection,
both a Type 1 or a Type 2 response needs to keep up a critical bacterial killing
rate for a very long time. For both responses individually it seems unrealistic
that they would be able to clear infection within the lifetime of the cow. The
model shows that the two responses complement each other very well and when
both are active, only a fraction of their individual critical killing rate is needed to
keep infection under control. These findings contribute to our understanding of
the immune responses during paratuberculosis which is essential for the successful
development of treatment and prevention measures, such as vaccines.
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1

Introduction

Paratuberculosis (Johne’s disease) is a chronic infection of the small intestine of
ruminants with substantial economic and welfare effects on livestock worldwide,
particularly in cattle. Infection is caused by Mycobacterium avium subspecies
paratuberculosis (MAP). MAP typically initiates a subclinical period of 2 to 5
years after which a proportion of the infected animals develops an effectively incurable progressive form of protein loosing enteropathy, clinically recognized by
chronic diarrhea and emaciation, ultimately leading to death [25].
Calves acquire the infection in the first months of life through uptake of MAP
contaminated milk or faeces from their environment. Once inside the gut, to cross
the epithelial barrier, MAP exploits M-cells lining Peyer’s patches (lymphoid tissue of the gut) that transport organisms and particles from the gut lumen to
immune cells in the lamina propria that lies behind the epithelial barrier [16].
Susceptibility to infection is reduced with age in concordance with the regression
of the ileal Peyer’s patches [4].
The first line of defence against MAP infection is formed by the macrophages in
the Peyer’s patches. Macrophages phagocytise MAP for the purpose of destroying
the foreign invader. Similar to tuberculosis in humans, for reasons that are not
fully understood, in some macrophages MAP interferes with phagosome maturation, hereby preventing bacterial destruction. The interference with macrophage
functions also hampers proper antigen presentation and the development of effective immune responses [3]. These immune evasive mechanisms help MAP to grow
while hiding from the host’s immune response within the macrophages it infects.
MAP continues to multiply slowly until it eventually kills the macrophage, causing it to burst so that the released bacteria spread and infect other nearby
macrophages. The release of free bacteria after bursting attracts more macrophages
to the site and leads to the formation of diffuse and extensive lesions with predominantly macrophage infiltrate with high intracellular bacterial burden (lepromatous lesions) [14]. These lesions usually start forming within one villus and grow
extensively due to the accumulation of macrophages and immune cells causing a
substantial thickening of the gut.
MAP is shed from the lamina propria into the lumen of the gut and excreted with
faeces, an important route of transmission. The mechanism for this shedding is
unknown since epithelial erosion is not a feature of paratuberculosis. Shedding
may occur quite early in the course of the disease followed by a ‘silent’ phase.
After the silent phase, the length of which varies greatly between cows, cows
progress into a phase of real or apparent intermittent faecal shedding but as the
disease develops, shedding in faeces becomes continuous [23].
It is unclear what causes the onset of clinical disease and the shedding pattern
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of MAP in the cow’s faeces. One potential cause involves the next line of defence against MAP; the cow’s adaptive immune response. The two classic types
of adaptive immune responses are Type 1 and Type 2 responses. Type 1 and
Type 2 responses are fundamentally different in that Type 1 responses are aimed
at killing infected cells in this case to kill MAP-infected macrophages and Type
2 responses aim to kill extra-cellular pathogens in this case free MAP bacteria.
A variety of studies measuring adaptive immune responses in MAP infected cows
indicate an early Type 1 that switches to a non-protective Type 2 response during
the course of the disease. Collectively, the data from these studies have been used
to argue that chronic progressive forms of paratuberculosis involve a switch in
the host immune response from a protective Type 1 immune response to a permissive Type 2 immune response [19, 12, 18], according to the murine Th1-Th2
paradigm [17]. Most of the data leading to these conclusions have been generated
using cross-sectional studies. Whether the observed changes in type of immune
response are linked to disease exacerbation is largely unknown, especially for later
stages of infection [22]. More recent studies indicate that both Type 1 and Type
2 responses may be impaired during later stages of disease [13, 14]. Nonetheless,
as MAP infection is intra-cellular, it is thought that, in analogy with human tuberculosis, Type 1 immune responses are protective and inhibiting MAP infection
while Type 2 immune responses are ineffective and permissive.
A better understanding of the effectiveness of the immune responses is crucial for
the successful development of treatment and prevention measures, such as vaccines. Unfortunately, direct evidence and a thorough understanding of why one
type of response would be able to control disease while the other fails, is lacking.
In this study we aim to understand if there is a fundamental mechanistic reason
why a Type 1 response would be protective and a Type 2 response would not,
and to determine if transition into clinical disease can be caused by a change in
type of response.
For this aim we construct a basic mathematical model that describes known interactions between MAP bacteria and macrophages in a villus of the gut. To
this model we add the two mechanistically different Type 1 and Type 2 adaptive immune responses which allows us to study in detail the differential effect
(both qualitative and quantitative) of these two mechanisms on disease progression. Because the model includes several of the immune evasion mechanisms of
MAP it also allows us to study the sensitivity of both types of immune responses
to changes in MAP virulence.
To study the role of the two responses in the transition to clinical disease we use
data from a 4 year longitudinal study in which young calves were infected and
markers for Type 1 and Type 2 responses were measured along with measurements
of MAP shedding in their faeces. The adaptive immune responses measured in
these animals are used as input to our model, after which we compare the disease
48

Paratuberculosis in cows
progression and infection load from model simulations with the faecal shedding
measurements.

2
2.1

Methods: Mathematical Model & Clinical Experiments
Clinical experiments

Animals: Twenty Holstein-Friesian calves were purchased at birth from different
commercial farms and housed at the SPF facilities of the Central veterinary Institute (CVI) in Lelystad, The Netherlands, throughout the experimental period.
Animals were kept on a regular feed regimen according to their age and lactation
status, but never received fresh grass. Experimental procedures were approved by
the Ethical Committee of the CVI. Calves where followed over an experimental
period of 55 months (31-01-1999 until 27-08-2003). During the course of the investigation period 7 out of the initial 20 cattle survived to the end. Post-mortem
examinations of animals that died during the study showed a diverse number of
causes of death, none of which were due to the experimental infection with MAP.
Experimental infection: Calves were infected by way of 20 grams of MAP contaminated feces given orally, three times a week for a period of four weeks during
the first month of life. The inoculum was obtained from a cow with clinical signs
of MAP infection consistently shedding IS900 positive MAP.
Fecal shedding measurements
Rectal samples for fecal culture were taken every two weeks. Bacteria were cultured according to a modified method of Joergenson [10]. Growth of MAP was
mycobactin dependent and checked every 4 weeks. If no growth was observed
after 6 months of culture, the sample was considered negative. The presence of
MAP in positive cultures was confirmed by amplification of the MAP specific
IS900 by PCR [21]. Data was expressed semi-quantitatively. 0=negative, 1=1-10
cfu/slant, 2=10-100 cfu/slant, 3=>100 cfu/slant.
Blood sampling: Blood was collected every two weeks from the jugular vein
into heparinised tubes and into serum tubes (BD Vacutainer, Becton, Dickinson, Europe). Heparinised blood was used for the isolation of peripheral blood
mononuclear cells (PBMC). Serum was stored at -20C and processed at a later
time-point.
Antigen: PPD-P (Johnine) antigen was used in the Lymphocyte Stimulation
Test and the ELISA. The PPD-P was produced at CVI, Lelystad, as previously
described, from MAP strain 3+5/C (PPD-P) [5].

49

Chapter 3
Type 1 response measurements: Peripheral blood mononuclear cells (PBMC)
were isolated and cultured according to methods described in detail elsewhere [12].
Lymphocyte Stimulation Tests (LST) were performed according to methods described in detail previously [12]. In short, cells were cultured in 96-well microtitre
plates using 100 µl of the PBMC suspension and 100 µl of antigen per well in triplicates. The PPD-P antigen was used in predetermined optimal concentrations of
10 g/ml. Concanavalin A (ConA) was used as a positive control (2.5 µg/ml) and
medium alone as a negative control. Cells were cultured at 37 ◦ C and 5 % CO2
in a humidified incubator for 3 days. Then 0.4 µCi 3H thymidine (Amersham
International) was added to each well and cells were cultured for an additional
18 hrs. Subsequently, cells were harvested onto glass fibre filters. Incorporation
of 3H thymidine was measured by liquid scintillation counting, and expressed as
counts per minute (cpm). Cpm is used as a measure for the intensity of the Type
1 response.
Type 2 response measurements Antibodies (total IgG) specific for PPD-P
were detected by ELISA, using the above described antigen, according to the
method described earlier [13]. All sera were 10 x diluted in blocking buffer.
Results are expressed as background corrected mean optical densities, measured at
405 nm wavelength (OD405nm). OD405nm is used as a measure for the intensity
of the Type 2 immune response.

2.2

The Model

We devised a model to describe the dynamics of uninfected macrophages Mu ,
infected macrophages Mi , and MAP bacteria P per initially infected villus of the
gut:
dMu
=i − dMu + aP − cP Mu
dt
dMi
=f cP Mu − bMi
dt
dP
=bAMi − cmP Mu − eP
dt

(1a)
(1b)
(1c)

When there is no infection, i uninfected macrophages (Mu ) enter the villus per
day and leave again at a rate of d per macrophage per day. In this disease-free
state the number of uninfected macrophages Mu is at an equilibrium of i/d, where
1/d is the average time each uninfected macrophage spends in the villus.
When there are free MAP bacteria (P ) present in the villus, each bacterium attracts an additional number of a uninfected macrophages to the site per day.
Uninfected macrophages phagocytise free MAP bacteria at a contact rate c per
free MAP bacterium per day. Macrophages engulf on average m free bacteria per
day.
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MAP inhibition of the bacterial killing mechanisms of macrophages [20] is successful in a fraction f of the macrophages that have engulfed bacteria and this fraction
become infected [7, 6]. These infected macrophages (Mi ) are effectively paralysed
by MAP to stay in the gut and will accumulate in the villus, contributing to the
development of the lesion [2]. The remaining fraction (1 − f ) of macrophages
that have engulfed MAP disappear from the villus either because they successfully digest MAP and go to the lymph node to present MAP antigens, or because
they go into apoptosis and are killed together with the MAP bacteria inside them.
Infected macrophages disappear from the lesion when they burst, which happens
at a rate of b per day, where 1/b is the average time an infected macrophage
survives. The bursting of infected macrophages contributes to the number of free
MAP bacteria in the villus with on average A MAP bacteria being released from
each bursting macrophage. Free MAP bacteria disappear from the villus at a rate
of e per day which is a combination of complement activity, passive efflux to the
lymph with the natural flow of the interstitial fluid and efflux into the lumen of
the gut.
To this model we then added the two fundamentally different types of adaptive
immune responses:
dMu
=i − dMu + aP − cP Mu
dt
dMi
=(1 − h)f cP Mu − bMi − T1 Mi
dt
dMh
=hf cP Mu − bMh
dt
dP
=bA(Mi + Mh ) − cmP Mu − eP − T2 P
dt

(2a)
(2b)
(2c)
(2d)

The Type 1 response reduces the number of infected macrophages at a rate T1
per day while the Type 2 response reduces the number of free MAP bacteria at
rate T2 per day. This means that 1/T is the average time the antigen (either Mi
or P ) survives in the lesion before it is removed by one of the two responses.
When MAP bacteria infect a macrophage they try to suppress the extracellular
signals the cell uses to flag that it is infected and prompt the Type 1 response to kill
the infected macrophage. To model this we introduce a subset of macrophages in
which MAP has successfully suppressed these flagging signals and remains hidden
to the Type 1 response (Mh ). A fraction, h, of the macrophages that have engulfed
MAP bacteria will be hidden and not affected by the Type 1 response, while the
rest of the infected macrophages (1 − h) do not escape the Type 1 response.
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i
d
a

Mu
day
1
day
Mu
day∗P

750
5
0.5

c

1
day∗P

0.01

f
h

n.a.
n.a.

0.3
0.1

b
A

1
day
P
Mi

0.01
1000

m

P
Mu

20

e
T1

1
day
1
day

30
0-0.286

T2

1
day

0-429

r1
r2

n.a.
n.a.

0.005
0.00083

Influx of uninfected macrophages per day.
Migration rate per day.
Number of uninfected macrophages attracted to the lesion per
day per free bacterium.
Contact of bacteria with macrophages, rate per day per free
bacterium.
Fraction of engulfing macrophages that becomes infected.
Fraction of infected macrophages that remains hidden from
immune response.
Bursting rate of infected macrophages per day.
Average number of bacteria released from a bursting
macrophage.
Number of bacteria on average engulfed per uninfected
macrophage.
Efflux rate per day of free bacteria from lesion.
Killing rate per day of Type 1 response (variations from 0110% of critical rate).
Killing rate per day of Type 2 response (variations from 0110% of critical rate).
Decay rate per day of the simulated Type 1 response.
Incremental rate per day of the simulated Type 2 response.

Table 1: Parameters, their units, their default values and description.
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2.3

Default model parameter values

To set realistic parameter values for model simulations, where possible, we use
counts and observations from in-house pathological microscopic slides and data
from the literature. A list of the parameters, their units, their default values and
a description can be found in Table 1. Parameter d, the daily migration rate
of uninfected macrophages is set to 5 such that the average time a macrophage
spends in a villus is around 5 hours (1/d day). If we take the average length of a
villus to be approximately 400 micron and that a macrophages travels 800 micron
to get in and out of a villus, then the average speed of a macrophages needs to be
2.8 micron per minute for the macrophages to pass though the villus in 5 hours.
This is well within the range of straight line leucocyte velocity as measured in
[11]. From macrophage counts in coupes of uninfected cows villi we estimated
that the average number of uninfected macrophages per villus is approximately
150. As we set the migration rate of macrophages to 5 per day, the daily influx of
macrophages into a villus, i, is set to 750 which together maintain a constant 150
macrophages per villus in uninfected cows. When cows are infected, inflammation
and cytokines cause more macrophages to be attracted to the site of infection.
This is reflected in parameter, a, which we set at 0.5 extra macrophages per day
per bacterium. This value ensures that within realistic infection loads the added
volume to the villus and lamina propria due to increased cellular influx does not
exceed the approximately 20-fold maximum increase in gut thickness observed.
We have set the contact rate of macrophages and bacteria to 0.01 per day per
bacterium. The number of bacteria that on average is taken up by one uninfected
macrophage in one day, m, is set to 20 as observed in [6]. This means that when
there is a concentration of 100 free MAP bacteria per villus it takes one uninfected
macrophage, one day to engulf 20 bacteria. Several studies have been performed
that quantify the uptake and infection of MAP bacteria by macrophages [24, 6].
Based on these studies, we have set parameter, f , the fraction of macrophages
that becomes infected upon engulfing MAP within the observed range to 0.3.
The fraction of infected macrophages that remains hidden for the Type 1 immune
system, h, is set to 0.1.
The bursting rate of infected macrophages, b, is set to 0.01 as the average lifetime
of a macrophage (1/b) is approximately 100 days. The average number of free
MAP bacteria released from an infected macrophage, A, is set to 1000. This
value comes from intra-macrophage bacterial counts in clinical histopathological
samples from cows with lepromatous type pluribacillary type lesions (unpublished
observations). The rate at which free MAP bacteria disappear, mostly due to
innate immune activity, but also leakage to the gut lumen and lymph is set to 30
per day. This means that on average a free MAP bacterium does not ’survive’
more than 48 minutes in the interstitial fluid of the villus.
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2.4

Model analyses

Quantitative differences between responses
The system of equations in our model only has one equilibrium, namely the
infection-free state. Without the presence of an adaptive immune response this
equilibrium is unstable, which means that any initial number of free MAP bacteria or infected macrophage will lead to expansion of infection. The unstable
infection-free equilibrium can become a stable equilibrium in the presence of
adaptive immunity when the killing rate of the response is large enough. We
have calculated the minimum killing rate needed for each response on its own to
make the infection-free equilibrium a stable one, by carrying out a linear stability
analysis of the infection-free equilibrium (see, for example [9])
Differential effect of bacterial survival mechanisms on Type 1 and Type
2 response
MAP bacteria have evolved several mechanisms to survive and evade their hosts’
immune responses. In our model we have several parameters that represent the
capacity of MAP bacteria to use those mechanisms. Some strains of MAP are better at exploiting their hosts and evading host immunity than others and changes in
the values of these parameters will reflect that. We study if there is a difference in
how well the two adaptive immune responses cope with changes in these survival
mechanisms of MAP by performing a sensitivity analysis for those parameters.
The analysis consists of increasing a parameter by 10% and calculating the new
T1 and T2 critical killing rates. The increase in critical killing rates needed for
each response are then compared.
In total we analyse three parameters that represent key MAP survival mechanisms: i) How well an infecting MAP bacterium can grow and reproduce inside
a macrophage is reflected by parameter A that sets the average number of free
MAP bacteria that are released from a bursting macrophage. ii) The ability of
MAP bacteria to infect macrophages rather than being killed by them is reflected
in the value of parameter f , which is the proportion of macrophages that become
infected upon engulfing bacteria as opposed to the macrophage killing the engulfed bacterium. iii) MAP bacteria have the ability to suppress the extracellular
signals macrophages use to flag to the immune system that they are infected.
This ability allows MAP bacteria to hide inside macrophages undetected. The
fraction of infected macrophages in which MAP bacteria succeed in to hide from
the host’s immunity is given by parameter h.
Combined Type 1 and Type 2 response
In reality, although one of the two responses tends to be dominant over the other,
we find that both responses become active during infection [1], particularly when
it concerns a long-term or chronic infection. To study how the two responses work
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in each other’s presence we calculate the critical killing rate of each response while
the other response is present. We vary the rate at which the other response is
present between 0 and its individual critical killing rate. The resulting critical
killing rates for T1 and T2 together are denoted as the T1T2 joint critical killing
rates.

2.5

Model Simulations

Model simulations are done using the default parameter settings unless denoted
otherwise.
Qualitative differences between responses
To assess the qualitative differences that Type 1 and Type 2 responses have on
infection progression, simulations were performed that start with one infected
macrophage at day zero. After running the model for a 100 days without any
adaptive immunity (T1=0 and T2=0) one of the two types of adaptive immunity
is set to 110% of its critical killing rate for the rest of the simulation.
Cow immune response simulations
To assess the effect of more realistic Type 1 and Type 2 responses on infection
progression we have constructed two functions (see Figure 1) that, respectively,
mimic the shape of the average Type 1 and Type 2 immune responses, as observed
in our experiments (see section 3.1, Figure 3a & 3b):
T1 =e(−r1 t) T1max

(3a)

T2 =r2 t T2max

(3b)

The parameters T1max and T2max set the maximum killing rate at the highest point
of the Type 1, and Type 2 response, respectively. Four variations of combined responses are tested, one with both T1max and T2max at 110% of their critical killing
rates, one with both at 50%, and two with either one at 110% and the other at
50%. As it is unclear how the infection load is related to MAP excretion, we look
at all manifestations of infection (Mi , Mh and P ) to compare with the shedding
data from the cows in our longitudinal study.

3
3.1

Results & Discussion
Clinical Data: Shedding and immune results

The average MAP in faecal shedding (Figure 2) shows an initial peak in infection
that starts in the second month post infection and lasts until approximately 6
55

Chapter 3

1
0.9
0.8
0.7
0.6
0.5
0.4
0.3

T1
T2

0.2
0.1
0
0

200

400

600

800

1000

1200

Figure 1: Killing rate of T1 and T2, normalised between zero and one, during the
course of the model simulations.

Figure 2: Average ordinal score of MAP bacteria in faecal shedding of a group of
20 cows over a 4 year period.
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a

b

Figure 3: a) Average (+/- SEM) intensity of Type 1 response against MAP antigens in a group of 20 cows over a period of 4 years, measured as background corrected
3H incorporation expressed as counts per minute (CPM). b) Average (+/- SEM)
intensity of Type 2 response against MAP antigens in a group of 20 cows over a
period of 4 years, measured as backround corrected OD405nm.

months post infection. After the initial peak, cows enter a period of low shedding. With time, shedding gradually increases again reaching high levels which
ultimately lead to the onset of clinical disease. During our simulated infections
we will refer to these phases as: ‘the initial peak’, ‘the controlled shedding phase’
and ‘the high shedding phase’.
The average intensity of the Type 1 and Type 2 responses that were measured
in the MAP infected cows are shown in Figure 3a and 3b, respectively. Both
responses have large standard errors at almost all measure points reflecting the
large variation in response intensity between individual cows. In general we can
see that both responses do not rise above normal background activity until 200
days post infection. At this point a Type 1 response grows fast and is maintained
at a high level for a period of time until it gradually fades down. The Type 2
response on the other hand, from 200 days post infection onwards, very slowly
increases and continues to do so for the duration of the experiment.

3.2

Model: Type 1 Response versus Type 2 Response, the
fundamental differences.

Quantitative differences between responses
The system of equations in our model only has one equilibrium, namely the
disease-free state. Without the presence of an adaptive immune response this equilibrium is unstable and any number of free MAP bacteria or infected macrophage
will lead to expansion of infection. The unstable disease-free equilibrium becomes
a stable equilibrium in the presence of adaptive immunity when the killing rate of
the response is large enough. Hence the rate at which the adaptive immune effectors (cells, antibodies or cytokines) can clear antigen (either infected macrophages
or free bacteria) will determine whether once infection has kicked off the response
57

Chapter 3
will be able to bring the system back to the disease-free state. The minimal killing
rate or critical value for both immune responses to be effective is given by:
T1critical =

f cibA − b(cim + ed)
cim + ed − hf ciA

(4a)

T2critical =

f cibA cim
−
+e
d
d

(4b)

With our default parameter settings the critical value for T1 is 0.26. This means
that the response should be strong and effective enough to, on average, kill each
1
non-hidden infected macrophages within 3.8 days ( T critical
) of its infection. The
1
critical value for T2 is 390. As the Type 2 response involves antibodies which do
not kill antigen themselves the interpretation of this value is as follows. Within,
1
on average, 9 minutes ( T critical
) after an infected macrophage bursts, enough an2
tibodies should bind to each free MAP bacterium to ensure that the bacterium
can no longer successfully infect a macrophage.
The critical killing rates for T1 and T2 show that the rate of antigen binding for a
Type 2 response should be at least 1500 times as fast, or as much, as the rate for
a Type 1 response to be equally effective. If we assume that the effector units of
both responses are equally effective and equally capable of reaching their antigen,
this would mean that to be equally strong a Type 2 response needs to comprise
of 1500 times more effector units than a Type 1 response. Given that a Type 2
response involves the production of large numbers of antibodies a 1500-fold difference cannot be discarded as unrealistic, however, the more antibodies that need
to bind to a bacterium to neutralise it, the larger this difference becomes. On the
other hand, antibodies are much smaller than the cells active in a Type 1 cellular response and will find it easier to reach their antigen than Type 1 effector cells.
Conclusion I: Under the condition that the responses work properly, we find no
mechanical or biological impediment, which would prevent a Type 1 or a Type 2
adaptive response from controlling and clearing the infection.
Qualitative differences between responses
Figure 4 shows that MAP infection grows exponentially until one of the two responses is activated. When T1 is activated (black line, Figure 4) above its critical
killing rate the growth of all manifestations of infection is prevented (Mi , Mh and
P ). The rate of infection clearance by T1 is very different for the different manifestations of infection. After activation, the regular infected macrophages (Mi )
are cleared very quickly and reduced to very low numbers. The faster turn-over
in P means that the number of free bacteria depends on the number of bursting
infected macrophages. Therefore, although not directly cleared by T1, P follows
this drop in Mi . Hidden infected macrophages are not cleared by T1. The rate
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Figure 4: Default parameter settings, T1 (black line) and T2 (grey line) on at
110% of their critical killing rate from t=100 days onwards. x-axes show time (t)
in days.

at which they disappear is mostly set by their bursting rate, which is even slowed
down by the low level of bacteria maintained by this bursting that still manage
to infect some macrophages.
Our model shows that in a short time the Type 1 response causes a large drop in
the overall infection load. After this drop a low level of ‘hidden’ infection remains
and therefore the Type 1 response needs to stay activated above its critical killing
rate for a very long time to continue to prevent an exponential increase of the
infection. How long the Type 1 response needs to stay activated depends on the
number of Mh at the time of the Type 1 response activation. Mh at the time of
activation will depend on parameter, h, which is influenced by both MAP strain
and cow characteristics.
When a Type 2 response is activated (grey line, Figure 2) we also see that it
prevents the growth of all manifestations of infection (Mi , Mh and P ). The Type
2 response directly kills free MAP bacteria and it is therefore unsurprising that
immediately after activation P plummets to very low numbers and stays low as
long as the Type 2 response remains active. It is this very low number of free
MAP bacteria that stops the infected macrophages from increasing because the
Type 2 response does not kill any infected cells itself. After Type 2 response activation the number of infected macrophages, both regular and hidden, only slowly
declines at the rate at which the cells burst. Compared to the Type 1 response,
the Type 2 response is not as effective at reducing the overall infection load.
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default
A (1100)
f (0.33)
h (0.11)

T1 critical killing rate
0.26 (100%)
0.414 (159%)
0.414 (159%)
0.375 (143%)

T2 critical killing rate
390 (100%)
435 (112%)
435 (112%)
390 (100%)

Table 2: Critical killing rates of T1 and T2 under default parameter values and
when one of the parameter values is increased by 10% if its default value.

Conclusion II: A Type 1 response quickly reduces the overall infection load by
clearing all but the ‘hidden’ infected macrophages and some free MAP bacteria
associated with the bursting of these. A Type 2 response quickly reduces free
MAP bacteria to very low levels; the reduction of infected macrophages is slow.
Both responses take a very long time to completely clear infection.
Difference in sensitivity between responses
Next, we have performed a sensitivity analysis to study if there is a difference in
how well the two adaptive immune responses cope with changes in survival mechanisms of MAP. The results of the analyses are shown in Table 2. Table 2 shows
that when either parameter A or f is increased by 10%, the critical killing rates
of the Type 1 and Type 2 immune responses respectively become 0.414 (159%
of default) and 435 (112% of default). This implies that if a MAP strain either
improves its growth rate or improves its ability to infect macrophages, the Type
1 response needs to increase the number of its effector cells (or the affectivity of
their killing) by more than 50%, while the Type 2 response only needs to increase
its efforts by 12%.
Increasing the ability of MAP bacteria to hide inside macrophages by 10% has
no impact at all on the critical killing rate of the Type 2 response because both
hidden and non-hidden infected macrophages do not differ in the number of free
MAP bacteria they release upon bursting. In contrast the Type 1 response needs
to increase the rate at which it kills non-hidden infected macrophages by 43% to
compensate for the increase in hidden MAP bacteria.
Conclusion III: In general a Type 1 response is more vulnerable and more likely
to fail in cows that become infected with more virulent MAP strains.
Combined Type 1 response and Type 2 response:
To study how the Type 1 and Type 2 responses complement each other we plot
the range of critical killing rates of T1 and T2 at which their combined effect are
able to bring the system back to the infection-free state (Figure 5).
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Figure 5: The range of T1T2-joint critical killing rates given with respect of their
individual critical killing rates.

The range of T1T2-joint critical killing rate with respect to their individual critical killing rates is show in Figure 5. It shows that the two types of responses
enhance each other’s effectivity, i.e., when both responses are at less than half
of their individual critical killing rate, they can still clear infection when active
together.
Conclusion IV: The killing rate of the Type 1 and Type 2 adaptive immune
responses combined is stronger than the sum of their individual killing rates.

3.3

Model: Simulation infection progression

Next, we used the model to see if the experimentally observed immune responses
can explain the observed MAP excretion pattern and to see if the results can
indicate if one or both of the responses fail to control infection. Figures 6 and 7
show the resulting infection progression for four variations of the maximal killing
rates by the two immune responses.
When adaptive immunity is activated, all simulations, also those where the maximum killing rate of the Type 1 response is only at 50% of its critical value, show
a quick drop in the infection load. This means that the initial decline in shedding
that is observed in all our experimental cows does not necessarily mean that the
initial Type 1 response is above the threshold. In other words, when we observe
that during a Type 1 response shedding declines, it does not mean that this response is capable of controlling and eliminating the infection, even if continued
at the same strength for the duration of infection. As a result, from these simulations we cannot tell if the cows in our longitudinal study are capable of building
a Type 1 immune response that is strong enough to control and eliminate infection.
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Figure 6: Cow immune response simulations for T2max set to 110% of its critical
killing rate. Infection is initiated at day 0 with one infected macrophage. Infection is
followed for 1200 days by means of tracking Mu , Mi , Mh and P . Adaptive immunity
is activated at day 100 and follows functions 3a and 3b. Two different scenarios for
the absolute strength of the Type 1 response are shown. Simulations of cows where
the T1max response is set to 110% and 50% of its critical killing rate are shown in the
top sub-figure and bottom sub-figure, respectively. The x-axes plots time in days,
the y-axes shows numbers per villus.
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Figure 7: Cow immune response simulations for T2max set to 50% of its critical
killing rate. Infection is initiated at day 0 with one infected macrophage. Infection is
followed for 1200 days by means of tracking Mu , Mi , Mh and P . Adaptive immunity
is activated at day 100 and follows functions 3a and 3b. Two different scenarios for
the absolute strength of the Type 1 response are shown. Simulations of cows where
the T1max response is set to 110% and 50% of its critical killing rate are shown in the
top sub-figure and bottom sub-figure, respectively. The x-axes plots time in days,
the y-axes shows numbers per villus. NB. The scales on the y-axes differ between
the top and bottom panels.
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Figure 7 shows that only when the maximum killing rate of the Type 2 response is
below critical value, infection progresses from the controlled infection phase into
a high shedding phase as we observe in our cows. This means that the Type 2
response in the cows of our longitudinal study do not build a Type 2 response
that is strong enough to keep infection under control.
Conclusion V: Our results show that the Type 1 response in our cows is able to
stop the initial growth of infection even if it does not have the critical killing rate
needed to control the infection. Our results suggest that in these cows the Type
2 response is below the critical killing rate.
Factors involved in the controlled infection phase
Right after the initial drop in infection a low amount of infection remains, the
level of which mostly depends on the strength of the Type 1 response. If the Type
1 killing rate is above its critical rate, only those infected macrophages that are
‘hidden’ at the time the response was activated remain (Figure 6, top sub-figure,
middle panel, black line). If the Type 1 is below its critical killing rate, in addition
to the hidden macrophages, also a proportion of the non-hidden macrophages will
survive (Figure 6, bottom sub-figure, middle panel). As long as the Type 1 and
Type 2 killing rates stay above their joint critical rate, the number of infected
macrophages remaining will slowly decrease, as they gradually burst without being able to cause enough new infections.
The cow immune simulations have shown us that the number of infected macrophages
after the initial peak depends on the strength of the Type 1 response and the
number of hidden infected macrophages at the time the Type 1 response becomes
active. This number in turn depends on i), the proportion of infected macrophages
in which bacteria succeed to hide ii), how long infection has been able to expand
before the Type 1 response is activated and, as our model reflects the infection
burden caused per initially infected villus, iii) the number of initially infected villi.
Conclusion VI: The factors that, according to our study, contribute to the infection load during the controlled infection phase are: The number of initially
infected villi (related to the dose of infection), the MAP strain the cow is infected
with, how long it takes before the adaptive immune response becomes activated,
and the strength of the early Type 1 response.

Dose of infection
In our model we have tried to explain the MAP excretion pattern by immune
responses, but [15] have shown that infection dose can also be of influence, though
only for the duration of the initial peak. Our model describes MAP dynamics
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per villus, therefore the dose would just be reflected in the number of initially
infected villi. As a consequence, only the level of excretion would be affected, not
the pattern. On the cow level, this is likely to be observed as an effect on the
shedding level of the first peak, but not so much of the second peak, because that
increases indefinitely irrespective of the dose. A different dose may be observed as
a difference in start of the second peak, but that is not likely as this is influenced
by many cow-related differences.
The failing Type 2 response
It is important to note a few model assumptions that affect the simulation results
at high infection loads during the later stages of disease:
1. Our model simulates the progress in infection load caused per initially infected villus. We do not explicitly take into account that infection spreads
from one villus to another one. As long as uninfected macrophages are
abundant this does not affect our results. However when the infectious load
increases and the number of uninfected macrophages are depleted, the role
of infection that has moved to a nearby villus where uninfected macrophages
are still abundant becomes important.
2. In our model the immune response is proportional to infection without a
limit. It means that when we set the killing rate of a response, this rate is
maintained no matter how high the infectious load is. At very high infection
levels, it is unrealistic that there are enough immune effector cells to keep
up the killing rate.
3. Finally, in our model we have not taken into account the spatial distribution of the infected macrophages. MAP typically forms a spherical infection
lesion of infected macrophages that can be penetrated by antibodies of a
Type 2 response but not by the lymphocytes of a Type 1 response (observations by A. Koets). This means that with growing numbers of infected
macrophages there will be more infected cells that cannot be reached i.e.,
that are like ’hidden’ cells from the T1 response than we take into account
in our model.
All three of the above model assumptions make that the rate of infection increase
after the transition into the high shedding phase is likely to be faster in reality
than shown by our model.
Our results show that when the Type 2 response increases in strength up to its
critical killing rate it should be able to clear infection (Figure ??, left panels).
Because this is not what we observed in our experimental study, we conclude
that the Type 2 response in the cows must have stayed below the critical killing
rate. However, as argued above, the ineffectiveness may be due to the infection
already having grown out of control when the T2 response is strongest. The same
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response may be effective in an earlier phase of the infection.
Our results also show that there is no fundamental impediment why an (early)
Type 2 response should not be able to reach the critical killing rate needed to
clear infection. However in calculating this rate we have assumed that the Type 2
response is functioning properly. Several scenarios have been suggested in which
this is not the case. For example, if the antibodies of the Type 2 response are
built against non-exposed parts of the bacterium, or if the Type 2 response is not
stimulated enough to keep the concentration of antibodies high enough because
the bacterium is mostly hidden inside macrophages, or, if the increased uptake of
antibody-covered bacteria by macrophages (as observed by [7]) aggravates infection, by increasing the contact rate, to such extent that it outweighs the killing
rate of the Type 2 response.

3.4

Implications for MAP prevention and control

Ideally, to control MAP infection both the Type 1 and Type 2 response should
be strong and remain activated until all infection is cleared. This is however not
realistic as particularly a Type 1 response is a very aggressive response the prolonged strong activation of which is likely to cause harm in itself to the animal.
Also, it is know that during gestation Type 1 responses are suppressed to protect
the unborn calf [8]. Therefore, it would be best if an effective Type 2 response is
also activated early during the infection, or at least immediately after the Type 1
response begins to fall, and stays active until infection is fully cleared. It is this
Type 2 response that we don’t see in our cows, or at least not timely enough.
An important next step in the development of effective control measures is to understand why exactly the T2 response in these cows is failing. If a vaccine could
be developed resulting in an earlier and stronger Type 2 response the observed
progression to disease could be avoided.
In conclusion, for both the Type 1 and Type 2 responses it holds that the response
needs to continue above this critical rate for a very long time if infection is to
remain under control. For both responses individually it seems unrealistic that
they would be able to clear infection within the lifetime of the cow. The two
responses complement each other very well and when both are active, even at a
fraction of their individual critical killing rate, it is likely that infection can be
kept under control more effectively.
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Abstract
Infection systems where traits of the host, such as acquired immunity, interact
with the infection process can show complex dynamic behaviour with counterintuitive results. In this study we consider the traits ‘immune status’ and ‘exposure history’ and our aim is to assess the influence of acquired individual heterogeneity in these traits. We have built an individual-based model of Eimeria acervulina infections, a protozoan parasite with an environmental stage, that causes
coccidiosis in chickens. With the model we simulate outbreaks of the disease under varying initial contaminations. Heterogeneity in the traits arises stochastically
through differences in the dose and frequency of parasites that individuals pick
up from the environment. We find that the relation between the initial contamination and the severity of an outbreak has a non-monotonous ‘wave-like’ pattern.
This pattern can be explained by an increased heterogeneity in the host population caused by the infection process at the most severe outbreaks. We conclude
that when dealing with these types of infection systems, models that are used to
develop or evaluate control measures can not neglect acquired heterogeneity in
the host population traits that interact with the infection process.
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1

Introduction

Understanding the dynamics of infectious diseases in populations is important for
the development and improvement of intervention methods. Much understanding
has been obtained by use of mathematical and simulation models. In the most
recent decades such models have increasingly been able to incorporate population
structure, interpreted as differences between individuals in traits that influence
transmission [6]. Where the infection process is, in some way, influenced by all
relevant traits, many of these traits will not in turn be influenced by the infection
dynamics (think of age, sex), or at least this is usually implicitly assumed (for
example: spatial location might change, but decision to move or movement itself
is usually taken independent of infection dynamics).
There are important situations where the interaction between trait and infection
dynamics does work both ways. A class of systems where this happens are those
systems where the heterogeneity between individuals lies in the somewhat implicit
trait ‘infection history’ and the more explicit trait, ‘immune status’. Examples
of such systems are most host-parasite systems with protozoan parasites or with
worm parasites, where the heterogeneity in infection history and immune status
(however defined) exists due to stochastic differences in exposure. The circle of
interaction consists of the exposure of an individual host shaping its infection
history and immune status (acquired immunity), which in turn will influence the
infectiousness of that individual to others. It is this type of acquired heterogeneity
that is not well understood in the context of pathogen transmission, and notably
the effects that the interaction has on the dynamics and on the effectiveness of
control measures. In a very caricatural model of an unspecific parasite-host system
Roberts and Heesterbeek [21] showed that even including the two-way interaction
between immunity and transmission (acquired immunity) alone, can have substantial and counterintuitive effects. In that model all individuals responded the
same; there was acquired immunity but not yet acquired heterogeneity.
In this paper we present an initial study of the effects of including acquired heterogeneity in exposure into an epidemiological model. For this we model the host
dynamics of a protozoan parasite, including acquired immunity and repeated infection through a spatially structured environment. We have chosen to develop
our ideas using the specific parasite-host system of Eimeria acervulina in chickens
for which a large body of experimental results is available and for which we have
gained previous insight combining data and (within and between-) host models
[15, 16]. We use an individual-based model to allow for stochastically emerging
heterogeneity. The dynamics are modelled with only a limited number of infection
and immunity levels, which allows us to easily track the immune status, stochastic exposure history, and pathogen excretion of each individual host through time.
We describe the biological system, give the model description and assumptions
in section 2. The simulations that we have performed with the system to gauge
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the influence of various sources of heterogeneity are shown in section 3. Notably
we study variation in the immune response, in transmission, and in movement of
individuals. We discuss our results in section 4.
The system is studied by relating initial levels of oocysts in the environment to the
average cumulative excretion of the chickens in the weeks thereafter as a measure
of unprotected infection. Experiments have shown a non-monotonous relation
between the initial oocyst levels, disease and production loss, with intermediate
oocyst levels giving optimal results. We also observe this in our model analysis and
we can explain this pattern from the variation in exposure history and immunity
between individuals.

2

Biological system model description

2.1

E. acervulina life cycle

We model the dynamics of Eimeria acervulina infections, one of the milder and
most common species of the coccidium Eimeria, in a commercial broiler chicken
setting. The disease that these Eimeria parasites cause is called coccidiosis, and
is economically very important because of reduced growth of the animals. We first
briefly describe the life cycle. Chickens continuously peck on the stable floor and
can thereby pick up oocysts, the infectious stage of the parasite. Within the cells
of the gut epithelium, the parasite undergoes a series of replications resulting in
the formation of new oocysts that are excreted in the faeces [2]; after excretion,
oocysts have to sporulate to become infectious. Excretion of oocysts starts four
days after infection and may last for ten days, whereas sporulation takes another
two days to complete the cycle [8, 1]. Under favourable circumstances oocysts
may survive a long time [20], however in chicken manure they have a half-life of
approximately two days [20, 28].

2.2

The model

The model environment
We model the complex chicken-environment interaction with an individual-based
simulation model within the modelling environment of Netlogo [26] because it
allows for stochastically emerging heterogeneity and studying the effect of space.
The model algorithm consists of an initial step followed by a set of rules that together determine one day of the chickens, and change the environment; these rules
are repeated until the simulation stops. The set consists of model rules for moving,
taking up oocysts, excretion of oocysts, and the development of immunity:
1. Setup Initiate all model variables
(a) Create a regular grid of square patches
(b) Initiate a percentage of patches with a certain oocyst contamination level,
and specify the initial spatial distribution of contaminated patches.
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(c) Create a number of chickens with no uptake history or immunity.
(d) Randomly place the chickens onto the patches with no more than one chicken
per patch allowed.
(e) Set day = 1
2. Chicken Movement Let each chicken displace to a random patch (again only
one chicken per patch), and let the chickens pick on the patch. Repeat 24 times,
this makes up one day of movement and exposure.
3. Oocyst uptake Let every chicken add the highest encountered level of contamination during one day to its uptake history.
4. Oocyst excretion Adjust the contamination level of the patch on which a chicken
ended in step 2, according to the excretion corresponding to the uptake history
and immune level of the chicken.
5. Immunity Adjust the immune level of each chicken according to its uptake history.
6. If day = 49, then stop, otherwise day = day + 1 and go to step 2.

Below we will explain all steps in detail and discuss the biological fundaments of
these rules and which assumptions and simplifications where made.
Chicken movement
We simulate a 4 x 4 meters section of a broiler shed represented by a regular
grid of square patches which we define to be 10 x 10 cm. During the set-up
rule chickens are randomly placed onto the patches, with only one chicken per
patch allowed. The movement rule lets chickens move 24 times, i.e. once per
hour. Chickens move through the shed section by randomly changing position to
another patch. Random mixing between the chickens and the patches is supported
by observations in broiler sheds [19, 17] where chickens show no sign of territorial
behaviour and have an average displacement of 8 m/h which is large compared
to our model settings.
Floor contamination
Each patch is characterised by its oocyst contamination level, either empty, low,
medium, or high, reflecting oocyst numbers of the order 0, 103 , 105 , and 107 .
During the set-up the initial contamination level of choice is implemented as a
percentage of contaminated patches. The initially contaminated patches can be
randomly distributed over the field or concentrated in a single position in the field.
Patch contamination levels increase when a chicken on a patch excretes a higher
level of oocysts on that patch than already present. Patch contamination levels
decrease if the last excretion on that patch was 14 days ago resulting from the
two days half-life of oocysts [20, 28]. We neglect the effect of decreasing oocyst
levels due to uptake because it is very small relative to the natural environmental
decay of oocysts.
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Oocyst uptake
The movement rule lets chicken ‘remember’ the highest level of contamination on
a patch they have been exposed to while moving through the shed during the
day. The oocyst uptake rule determines that the dose of oocysts that chickens
pick up from the patches is 1% of this highest contamination level that they have
been exposed to yielding low, medium, and high ingestion doses, equivalent to 10,
103 , and 105 ingested oocysts per day. This implies that, within one day, lower
levels of contamination and repeated encounters with the same contamination are
neglected, justified because of the 100-fold difference between categories. Thus
after the movement rule, 1% of the highest level of contamination encountered is
saved by the uptake rule in the chickens individual uptake record. This record is
then later used by the oocyst excretion rule and the immunity rule to respectively
determine the oocyst excretion of the chicken and the chicken’s immunity level.
Immunity
Various experiments have shown that past infections with E acervulina induce
protection against disease and oocyst production resulting from later infections
[4, 18], but no single immune variable has yet been identified as a measure of protection. As we use immunity in our model to affect the dynamics of the parasite,
we only regard immunity in relation to a reduction in oocyst excretion. Three
immune levels are distinguished: no, partial, and full immunity. A new level of
immunity is reached when a certain dose and/or frequency of oocysts are ingested.
In addition to the dose and frequency conditions, it takes a fixed time before a new
level is reached reflecting that it takes time to build an immune response. Every
day the immune rule verifies if chickens have satisfied the conditions required to
reach a new level of immunity and assigns a new immunity level to those chickens
that meet the conditions.
Oocyst excretion
Essential for the dynamics is the relation between uptake and excretion of oocysts.
This relation is mainly determined by the dose and the frequency with which the
oocysts are ingested, the immune status, age and to a lesser extent the breed of the
chicken. In our model we take into account dose, frequency and immune status,
neglecting breed and age due to limitation of data; most experiments we used to fit
the excretion patterns were done with chickens within the age range of the model
chickens. We do not explicitly model the within-host dynamics, but instead define
excretion templates as a function of the uptake history, derived from experiments
in the literature (table 1). We recognise nine templates, one for each combination
of the three immune levels and the three doses that can be ingested. The dose of
oocysts excreted always relates to the present immunity level and the uptake dose
of four days earlier, i.e. the first template is started four days after the first dose.
Chickens follow their excretion template in the days thereafter, until it finishes or
is interrupted by the uptake of an equal or higher dose, or when a higher immune
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Table 1: Templates showing daily excretion dose of naive, partial and full immune
birds after ingestion of a low, middle or high dose of oocysts starting from the fourth
day after ingestion. In the templates, 2, 3 and 4 respectively represent low, middle
and high doses of oocyst excretion.

immune state
naive

partial

full

ingested dose
low
middle
high
low
middle
high
low
middle
high

template
[2 2 2]
[3 3 3 3 3 3 3 2 2]
[4 4 4 4 4 4 4 3 3 2]
[]
[2 3 2 2 2]
[3 3 3 2 2 2]
[]
[]
[0 2]

level is reached. In these cases, the template is re-started or a new template starts.
Single dose experiments were used to translate the ingested and excreted numbers of oocysts to the categories in our model, i.e. low, medium, and high. The
excretion patterns thus obtained were roughly averaged (table 2) to become the
excretion templates as shown in table 1. Single dose experiments performed at
our group by Velkers et al. [23] were also used (data not shown), in particular for
the low-dose template.
We explicitly distinguish between excretion after uptake of an isolated single dose
and so-called trickle infections where chickens repeatedly take up doses on consecutive days causing accumulation of excreted oocysts. It has been shown experimentally and in mechanistic models that immune reaction and excretion patterns
are different for a same total dose of oocysts, depending on uptake as either a
single or as a trickle dose [27, 15, 22]. The same averaging of excretion patterns
was done for trickle infection experiments (table 3), from which it was concluded
that the same templates could be used, rather than defining separate excretion
templates for trickle infections. We let excretion induced by a low dose trickle
infection follow the medium dose template, and in chickens with no immunity
we let a medium dose trickle infection result in excretion according to the high
dose template. Because high dose trickle infections have not been described and
are not likely to cause a large accumulation of excreted oocysts due to the socalled crowding effect [29], in the model, chickens that undergo such a high dose
trickle infection are assigned with the corresponding single dose template. The
separate set of excretion templates for partially and fully immune chickens were
constructed according to immunization experiments shown in table 4.
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Table 2: Experiments from the literature and model simulations where birds
are inoculated with one dose of oocysts and the number of daily shed oocysts are
recorded. The first column shows the inoculation dose, the experimental inoculation
dose is grouped into the model categories for low (until 100 oocysts), middle (more
than 100 until 104 oocysts) and high(more than 104 until 106 oocysts) uptake. The
second column shows the excreted oocysts in the days subsequent to the inoculation.
The experimental excretion data is translated into the model categories for low
(until 104 oocysts, depicted as 2), middle (more than 104 oocysts until 106 oocysts,
depicted by 3) and high (more than 106 oocysts until 108 oocysts, depicted by 4)
dose of excretion. * denotes less than 500, 000 oocysts.

inoculation dose
(oocysts)
low
middle
150
1,250
5,000
high
20,000
1,000,000
20,000
20,000
80,000
320,00
80,000
320,000
50,000

excreted

origin

0000222
0000333
00002333
00003444
00003444
0000444
00004443
00004444
00004444
00003444
00003444
00003444
00004444
00004444
00003443

model
model
[14]
[10]
[10]
model
[7]
[7]
[12]
[10]
[10]
[10]
[11]
[11]
[25]

333322
3333
333
443
4444332
3333222
443322
4443
44*
44*
444**
44****
44***
32

Table 3: Trickle infection experiments from the literature and model simulations.
The first column shows the inoculation dose the birds receive per day and for how
many days. The second column shows the excreted oocysts in the days subsequent
to the inoculation. The experimental excretion data is translated into the model
categories for low (until 104 oocysts, depicted as 2), middle (more than 104 oocysts
until 106 oocysts, depicted by 3) and high (more than 106 oocysts until 108 oocysts,
depicted by 4) dose of excretion.

trickle infection
(days x oocysts)
25 x low
25 x 25
20 x middle
20 x 1,000
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excreted
0000333
00002333
0000444
00004444

origin
3333222222
333333333
444422222
4433322

model
[14]
model
[7]
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Table 4: Immunization experiments from the literature and model simulations.
The first column shows the immunizing dose(s) the birds receive per day and for
how many days. The challenge dose is shown in the second column. The third
column shows the excreted oocysts in the days subsequent to the challenge. The
experimental excretion data is translated into the model categories for low (until 104
oocysts, depicted as 2), middle (more than 104 oocysts until 106 oocysts, depicted
by 3) and high (more than 106 oocysts until 108 oocysts, depicted by 4) dose of
excretion.

immunization dose
(days x oocysts)
20 x middle
20 x 1,000
1 x high
1 x 80,000
high (day 1 and 15)
80,000 160,000
80,000 160,000

2.3

challenge
(oocysts)
high (day 21)
1,000,000 (day 21)
high (day 15)
160.000
high (day 28)
80,000 (day 28)
5,120,000 (day 28)

excreted

origin

000002
000032
0000333
0000333
0000333
00003333
00000333

model
[7]
model
[11]
model
[11]
[11]

222
222
333333
3333

Model output

Simulations start with an initial situation of only naive chickens and a user-given
percentage of low-level contaminated patches in the shed. We study the model by
simulating the dynamics for 49 days, a common rearing time for broiler chickens,
and which proved sufficiently long to capture the dynamics of the epidemic under
all initial conditions studied. During the simulations we monitor the numbers of
chickens ingesting low, medium, or high oocyst levels, excreting low, medium, or
high oocyst levels, and becoming partial or fully immune. In our analysis we will
focus on the average number of high level excretions during one simulation, i.e.
the mean high excretion per chicken during its time in the shed. This output
variable gives an indication of the severity of an outbreak since the excretion of
high amounts of oocysts is more likely to be related to problems caused by clinical
coccidiosis, such as intestinal damage and individual-level growth reduction [5].

2.4

Default settings for simulation

The default setting of the model for simulation is a grid of 1681 patches of 10
by 10 cm on which we let 353 chickens move yielding a chicken density of 21
chickens per square meter. During set-up, initial patch contamination is set to
low levels of oocysts and concentrated in a single position in the field. An ingested
dose of oocysts is defined to be part of a trickle infection when, within four days
after uptake, a chicken picks up at least two more doses of equal or higher level.
Chickens reach partial immunity nine days after the second of two low or medium
doses, or nine days after one single high dose. Full immunity is reached after
13 doses with a cumulative oocyst exposure of 33 (low doses counting for two,
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medium for three, and high for four), but no earlier than six days after becoming
partially immune. To asses the stochastic variation for one set of initial conditions
we vary the random seed of the model.

3
3.1

Results
Default result

The average number of high-level excretions per chicken is shown for a range
of initial contaminations in Figure 1a. At each initial contamination depicted,
simulations were executed in three-fold with varying random seeds, which proved
sufficient to capture a large part of the stochastic variation. The graph shows a
non-monotonous ‘wave-like’ relation with alternating peaks and troughs between
the percentage of patches initially contaminated and the average number of high
excretions per individual. The effect of field size was studied by increasing the
field to 14 x 14 meters, which also allowed us to simulate with even lower initial
levels, and observe that the wave-like pattern continued. The time course of the
infection with respect to exposure and immunity at the peaks in excretion (initial
contamination of 0.01% and 0.8%) and the trough (initial contamination of 0.1%)
are shown in Figures 1b,c and d.
The fraction of chickens that pick up a low-dose trickle infection during a simulation is shown in Figure 1b for one random seed. Middle-dose trickle ingestion and
high dose ingestion are the ones that lead to high-dose excretions in non-immune
chickens. We show the fraction of chickens that pick up either one of these in
Figure 1c for the same simulation as in Figure 1b. Both partial and full immunity
preserve chickens from high-dose excretions. The fraction of chickens that are
partially or fully immune is shown in Figure 1d.

3.2

Robustness and sensitivity

We carried out a sensitivity analysis with respect to the model settings, to assess
the robustness of the wave-like pattern and investigate the underlying mechanism.
These analysis were performed for initial contaminations of 0.05 % up till 40%
which we tested to be sufficient to capture the sensitivity of the parameters.
Density
The maximal density of broilers for conventional broiler farms is 23 birds per
square meter [3]. To asses the effect of broiler density on the results we have
studied densities of 6, 10, 13 and 23 birds per square meter additional to the
default settings. No or negligible difference with the default result was found.
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Figure 1: (a) The average number of high-dose excretions per individual for the default model settings plotted for a range of initial percentage of contaminated patches
with a low-level of oocysts. For each initial contamination three simulations with
different random seeds are plotted. The time course of the fraction of individuals that have ingested a low-dose trickle infection (b), ingested either middle-dose
trickle or high-dose infection (c) and have reached either partial or full immunity (d)
is plotted for the two peaks in high-dose excretion (of panel a) at 0.01% and 0.8%
initial contamination and the trough in excretion at 0.1% initial contamination. NB.
Note the difference in the time range in panels b, c and d.
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Figure 2: The average number of high-dose excretions per individual is plotted for
a range of initial contaminations using different immune rules. The upper graph (full
black circles), depicts simulations with the default model settings for immunity, i.e.
individuals reach immunity nine days after the second ingestion of a low or middle
dose of oocysts or nine days after the first ingestion of a high dose of oocysts.
The four lower graphs denoted with Time 10 to Time 0, depict simulations were
individuals reach immunity respectively 10 days, 9 days, 7 days, or immediately after
the first ingestion of any dose of oocyst. For each graph at each initial contamination
three simulations with different random seeds are plotted.

Immune rules
Because it is the second dose of oocysts that triggers the build-up of immunity
(starting 9 days after the second dose), heterogeneity in immune status arises due
to the different waiting times for chickens to encounter their second dose. If the
oocyst level were constant, these waiting times would follow a hypergeometric
distribution with a variance of 2r(1-r), r being the daily ingestion probability. To
decrease the variance (to r(1-r) in a constant environment), we considered the
case with immunity starting 0, 7, 9, or 10 days after the first oocyst dose (Figure
2). Not surprising, excretion levels decreased over the whole range due to earlier
immunity, but besides that, the wave amplitude also decreases significantly. This
suggests that heterogeneity in immunity is an important factor causing the wavelike pattern.
Trickle rules
A trickle infection occurs when ingestion of an oocyst dose is followed by two more
equal or higher-level doses in the subsequent four days, and it results in elevated
excretion levels. If the definition for a trickle infection is changed to only one more
dose in the subsequent four days, this obviously results in a faster increase in environmental oocyst levels, and thus in more high excretions (Figure 3). Conversely,
if three or four more doses are required, excretion levels considerably decrease,
but also the wave amplitude decreases. Because these stronger requirements for
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Figure 3: The average number of high-dose excretions per individual is plotted
for a range of initial contaminations using different trickle definitions. The second
graph (triangles), depicts simulations with the default trickle definition, i.e. within
four days after the uptake under consideration, an individual must pick up at least
two more doses of equal or higher level to acknowledge a trickle infection. The three
other graphs denoted with Trickle 1, Trickle 3 and Trickle 4, depict simulations
were respectively one, three, or four additional doses of equal or higher level must
be ingested within four days after the uptake under consideration to acknowledge
a trickle infection. For each graph at each initial contamination three simulations
with different random seeds are plotted.

trickle infections make it less likely that there will be chickens experiencing trickle
infections and chickens not ingesting any oocyst at the same time, this suggests
that heterogeneity in exposure is crucial to the wave-like pattern.
Multiple dose initial contamination
One can expect that at higher initial contamination levels, patches are not only
low-level contaminated but that also some patches will be contaminated with a
higher level of oocysts. These more natural conditions were simulated by letting
the initially contaminated patches have a 90% probability of becoming low-level
contaminated, 9% of becoming middle-level contaminated and, 1% of becoming
high-level contaminated (Figure 4). This results in an increase in the average
number of high excretions at high initial contamination but does not change the
wave-like pattern.
Spatial effects
The initially contaminated patches can be randomly distributed over the field or
concentrated in a single position in the field. In both cases the results remain
the same because of the random mixing of the chickens. Although biologically
unrealistic, we turned off the random mixing and limited the movements of the
chickens to improve our understanding about spatial effects that could occur in
81

Chapter 4

Figure 4: The average number of high-dose excretions per individual is plotted for
a range of initial contaminations using different initial conditions. The graph denoted with the full black circles, depicts simulations were all initially contaminated
patches are low-level contaminated (the default model settings) The graph denoted
with the triangles, depicts simulations were the initially contaminated patches have
a 90% probability of being low-level contaminated, 9% of being middle-level contaminated and, 1% of being high-level contaminated. For each graph at each initial
contamination three simulations with different random seeds are plotted.

this disease system under other circumstances. Restricted movement is implemented by letting chickens displace to one of their empty neighbouring patches
only once every time step (i.e. movement is restricted to 10 cm per hour). If no
empty patch is available they did not move. Restricted movement is studied with
local initial contamination (Figure 5), which resulted in much higher excretion
and disappearance of the wave-like pattern. Because spatial effects are likely to
induce much heterogeneity that was not there in the default model - by enabling
trickle infections even with few oocysts as well as by keeping some birds away
from oocysts even if there is quite many contamination - Figure 5 suggests that
the spatial heterogeneity mechanism is much stronger than the one causing the
waves (which we will discuss shortly).
Vaccination
Vaccines against coccidiosis that can sprayed over the feathers of newly hatched
chicks are available of attenuated and/or wildtype Eimeria oocysts causing them
to ingest a low dose of oocysts while grooming. In the model vaccination is
simulated by letting all chickens ingest a low dose of oocysts on the first day
(Figure 6). At low initial contamination levels broilers excrete much less high
levels of oocysts than without vaccination but at higher initial contamination
levels the difference becomes much smaller.
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Figure 5: The average number of high-dose excretions per individual is plotted for a
range of initial contaminations using different displacement rules for the individuals.
The graph denoted with the full black circles, depicts simulations were individuals
move by randomly changing position to another empty patch in the field once every
hour (the default model settings). The graph denoted with the triangles, depicts
simulations were the movement is restricted to only displace to one of the empty
neighboring patches every hour. If no empty patch is available an individual will
not move. At each initial contamination three simulations with different random
seeds are plotted for the default graph and five simulations with different random
seeds are plotted for the restricted movement graphs.

Figure 6: The average number of high-dose excretions per individual is plotted for
a range of initial contaminations with and without vaccination. The graph denoted
with the full black circles, denotes the the default model settings (no vaccination).
The graph denoted with the triangles, depicts simulations were all individuals were
vaccinated by giving them a low-dose of oocysts on the first day. For each graph at
each initial contamination three simulations with different random seeds are plotted.
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4

Discussion

Previously, a simple caricatural model for the dynamics of parasites of farmed
animals including a two-way interaction between immunity and transmission (acquired immunity) showed that such a disease system can exhibit complicated
dynamics [21]. The result of the complexity is that small differences in e.g. initial
contamination can lead to large differences in the severity of outbreaks. The more
biologically realistic mechanistic model of Klinkenberg and Heesterbeek [16] incorporated the interaction between immune status and infection history for a specific
system, Eimeria infections in chicken. They show similar bifurcation behaviour
as in the caricatural model. Moreover this model showed dynamics resulting in a
non-monotonous wave-like relation between initial contamination and the severity
of outbreaks. The direct consequence of this pattern in terms of control measures
is counter intuitive, better cleaning to remove more of the parasites can lead to
more severe outbreaks. Both these analysis regarded all individuals to be identical
and did not yet include acquired heterogeneity.
In this paper we modelled the spread of E. acervulina in chickens as a parasite-host
system where traits of the host influence the infections dynamics and vice-versa
making explicit differences between individuals. Our model description was based
on empirical research and can also be validated empirically. We have simulated
transmission experiments performed at our group by Velkers et al. [24]. In these
experiments one susceptible naive 1-day-old chick and one inoculated with a dose
of oocysts, are reared together in a confined area. The excretions of the two
chickens are recorded to study the transmission dynamics of the infection. The
result of their experiments look promisingly consistent with our results.
Previous studies both empirical and theoretical, have shown a non-monotonous
wave-like relation between initial contamination and the oocysts produced during
an outbreak of coccidioses [13, 9, 16]. With our model we indeed also observe
this wave-like relation between initial oocyst contamination and the numbers of
oocysts excreted in the weeks thereafter. In addition we have investigated the
robustness of the wave-like relation to various model settings and we find the pattern to be robust. In contrast to previous studies our analysis allows us to give a
possible mechanism behind the pattern. The wave-like relation can be explained
by an increased heterogeneity in the host population at the peaks, caused by
the infection process. Subsequent waves arise because at lower initial contaminations, similar heterogeneity can be reached through additional oocyst generations.
Generally, the amount of high oocyst excretions is determined by a race between
the chickens trying to be immune as fast as possible, and the parasite trying to
induce high excretions as early as possible. When more chickens are immune earlier while oocyst accumulation remains unaltered, excretion decreases (Figure 2),
and when oocysts accumulate faster or slower, excretion increases or decreases,
respectively (Figure 3). However, the initial contamination level can also influ84
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ence this race, maximising excretion by letting a minority of chickens accumulate
oocyst levels whereas most are not yet building up immunity. This can clearly be
seen in Figure 1b through d, where the time course for three initial conditions is
shown of the fraction of chickens taking up low trickle infections (that will give rise
to medium excretion), taking up medium trickle and high infections (that may
give rise to high excretion if not yet immune), and being partially or fully immune.
The interesting difference occurs after an initial contamination-dependent startup phase needed to accumulate low doses to enable trickle infections. Then, in
the simulations with 0.01% and 0.8% contamination, the increase in the numbers
of chickens taking up low trickle infections occurs over a much longer time span
than with 0.1%, mainly due to a slow start-up phase (Figure 1b). However, the
reduced number of initially infected chickens do excrete sufficient medium doses
for all birds, because the uptake of medium trickle (and subsequent high) infections is essentially the same for all three simulations (Figure 1c). As a result, all
chickens that were not infected in the slow start-up, and thus could not start to
build-up immunity (Figure 1d), loose a couple of days in the ‘race against the
parasite’ and excrete more high doses.
The importance of heterogeneity in causing problems, or conversely, of homogeneity reducing problems is seen if a more homogeneous population is created by
means of vaccination (Figure 6) or by starting with a very high percentage of low
oocyst level coverage (Figure 1a). On the other hand, spatial effects are likely to
enhance heterogeneity, because some birds will remain near infected patches, thus
accumulating oocyst levels, whereas many other chickens will not yet be able to
mount an immune response (Figure 5).
In our relatively simple model with only a minimum number of oocyst and immunity levels we show the large effect that acquired heterogeneity can have. This
effect is relevant in any disease system where heterogeneity can be acquired in
traits of the host that interact with the infection process. For example diseases
where more resistant or more virulent strains arise for infectious agents where
there is some cross-immunity between strains or serotypes, and where the internal dynamics are then influenced by the memory of previous exposures. In this
case as well, it is the exposure history which shapes the immune status, however
defined, and it is this immune status that in turn influences the infectiousness
of that individual to others. When using models to develop or evaluate control
measures for these type of disease systems it is always crucial to incorporate the
effect of acquired heterogeneity.
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The success of different variant surface antigen
repertoires of malaria parasites competing within
and between hosts.
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Chapter 5

Abstract
Red blood cells infected by the malaria parasite Plasmodium falciparum, express variant surface antigens (VSA) to evade host immunity. The best-studied
malaria VSA are coded by the large and extremely diverse var gene family. The
population-level var gene pool is organized into groups that preferentially recombine within-group and each parasite carries a proportional representation of var
genes from these groups in its repertoire. One proposed mechanism for this structuring (both on population and individual level) to have evolved is the opposing
selection pressures for optimal functionality and for maximal diversity. In young
hosts with little immunity, what we here denote by, ‘strong’ VSA can confer optimal functionality while in older hosts with more immunity, ‘rare’ VSA generate
maximal diversity. The aim of this study is to examine whether these two selection
pressures are sufficient to explain the existence of ‘strong-rare’ VSA repertoires
and to learn more about the infection dynamics of the parasites. We use an
individual-based model, including within and between-host parasite competition
which we partially validate with published field data. We find that partitioning
is not the optimal structure that emerges for the parasites.
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1

Introduction

The malaria parasite Plasmodium falciparum, expresses variant surface antigens
(VSA) on the surface of infected red blood cells (rbc) to avoid recognition by
host antibodies [8, 39]. P falciparum has several VSA, the best-studied being P.
falciparum erythrocyte membrane protein 1 (PfEMP1), coded by the var gene
family [4, 53]. These var genes make P. falciparum unique amongst Plasmodium
species because they enable the parasites to adhere to postcapillary endothelial
cells (cytoadherence) and to non-infected red blood cells (rosetting) [32, 24, 47],
leading to sequestration of the cells in different tissues. This avoids their passage
through the spleen where they would be recognised and destroyed [32, 25] and is
responsible for many of the pathological features of malaria [46].
Var genes are extremely diverse on a population level, with each parasite carrying approximately 60 different copies of the gene [51, 8, 27]. Due to frequent
recombination new parasites with different sets of var genes emerge in the parasite population continuously [52, 37, 24, 26]. Parasites express their var genes
sequentially in a mutually exclusive manner [15, 24], resulting in a persistent P.
falciparum infection with repeated waves of parasitemia [45, 23]. In this process
of antigenic variation each wave represents a distinct sub-population of parasites that dominantly expresses a different VSA on the surface of infected rbc
[25, 47]. In areas with high transmission, individuals build up a broad repertoire
of antibodies specific for these VSA [6] which are thought pivotal for naturally
acquired immunity [10, 28, 20, 26, 54]. Although hosts continue to become infected throughout life, after relatively few infections children are protected from
severe malaria disease and eventually against all clinical malaria [12, 6].
Studies by Bull et al. [11, 12] show that parasite isolates taken from young patients with severe disease are more frequently recognised by antibodies from other
individuals than parasites isolates from older children, suggesting an order in the
VSA expression of infecting parasites. This initiated the idea that there might
be a limited number of var genes with corresponding antigens, expressed earlier
in life and responsible for disease [31, 13]. Using genomic data, var genes have
been classified into approximately five groups [36, 41, 39] and the proportional
representation of var genes from each group in individual parasite genomes seems
to be preserved [13, 9]. The expression of var genes from specific groups has
been associated with distinct features of malaria infection and pathology [33, 37].
Recombination of the var genes, in general, appears to be more frequent within
the groups than between the groups [38, 14], in particular for the group of var
genes that is most associated with severe disease [14].
Directly testing the effect of a partitioned VSA repertoire on host immunity and
vice versa, is difficult due to the missing link between var genotype and phenotype (e.g. antigen), the extreme var gene diversity and other technical constraints
[16, 9]. Mathematical and computational studies have helped to increase our un91
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derstanding of the currently available data. For example work of Recker et al. [48]
showed how a partitioned VSA repertoire can protect from severe malaria after
relatively few infections and reduce strain diversity. Work by Gupta et. al [30, 29]
showed that under the influence of immune selection, the parasite population can
become organized into groups of strains with non-overlapping antigenic repertoires
that are static or have cyclical dynamics. Buckee et al. [9] showed that parasite
strains that have non-overlapping repertoires for VSA from one small group and
a random selection of VSA taken from a large group, better fit serological data
than strains with a completely random set of VSA, or strains that are completely
non-overlapping in their VSA repertoire.
At present, the role of host immunity in the emergence and maintenance of a
grouped structure of the var genes remains unknown. For the development of
vaccines or other control strategies and for the prediction of their (long-term)
effectiveness, it is important to understand how the parasite population structure is shaped by host immune selection [16, 40]. Due to the gradual build up
of immunity parasites are thought to experience different selection forces with
host age. In young children, with no or few antibodies, selection favours parasites
expressing var genes with optimal functionality, while in older (more immune)
children, selection favours parasites expressing rare var genes with VSA that are
not recognised by host immunity [11, 9]. It has been suggested that a grouping
in the var genes is maintained because each group contains genes that are functionally specialised [49, 34, 37] and structuring helps maintain a balance between
function optimization and antigenic diversity [38, 14].
In this study we use an individual-based model where VSA have only one trait, for
which each VSA is competent to a greater or lesser extent. Because of the single
trait we expect a two-group structure, where parasites have a small set of VSA
with optimal function to express in young hosts, referred to as the ‘strong’ VSA,
and a larger set of very diverse VSA with less optimal characteristics to express
in older hosts, referred to as the ‘rare’ VSA, to have an evolutionary advantage
over other structures. Parasites with such a structure we will refer to as parasites
with a strong-rare structure. We do not a priori impose any partitioning onto
the parasites, or grouping onto the VSA but rather allow for parasite structures
to emerge freely under the influence of infection and immunity. The hosts antibody responses that are built up as a result of infections by the emerging parasite
strains are partially validated using published field data from Kenya [11, 12, 13].
We examine whether under the proposed selection pressures parasite strains with
a strong-rare structure as described above are indeed more successful, thus providing evidence for the proposed mechanism for structure existence. We find that
under a variety of conditions examined in the model, the selection mechanism
proposed is not sufficient to explain the existence or emergence of a strong-rare
structure in the parasites’ VSA repertoire.
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2

The model and methods

The model is written in the C++ programming language, a detailed description
of the model can be found in the Supplementary Material. The main actors in
our model are hosts, parasite strains and VSA. Populations of these are kept constant (2000 hosts, 50 strains, 750 VSA) during simulation. A parasite strain is
defined as a set of 10 different VSA. At initiation hosts are created, each with
age zero, and without antibodies. Model simulations run with time steps that
are equivalent to days in real life. Once every year (365 time steps) either the
host’s age is incremented by one or the host dies. When a host dies it is replaced
by an uninfected newborn host, with age zero and no antibodies. To obtain a
realistic host demography we have imposed age-dependent mortality probabilities
from a demographic study in a high-transmission malaria area characterised by
high infant mortality, for a large part caused by malaria [1, 2, 5]. Simulations last
the equivalent of 300 years. Since at initiation all hosts are newborns, the model
is run without generating output for a transient period of 150 years to allow for
the establishment of a realistic host demography and antibody repertoire.
We assume that each var gene corresponds to only one VSA and that this VSA
is located at the binding site of the surface protein. Vsa of other non-var gene
surface proteins are not included in the model. Each VSA is defined by the value
it has for its single trait, its ’binding value’. The binding value is an integer
number which we take to be inversely correlated with the ability of expressed
VSA to cytoadhere. Thus the lower the binding value, the ’stronger’ the VSA. We
assume that stronger VSA are better at avoiding splenic clearance and therefore
the binding value of the expressed VSA determines the net within-host growth
rate of an infecting parasite (as suggested in [11]).

2.1

Within-host dynamics

We only explicitly model the dynamics of the parasite that takes place in the
general bloodstream. Liver-stage parasite proliferation is implicitly taken into account by assuming that a large number of new parasites enters the general bloodstream and infects red blood cells. Infected rbc rupture and release a new generation of parasites into the blood stream approximately every 48 hours [46, 24].
Each rbc-infecting parasite expresses only one of its 10 VSA and we assume that
epigenetic mechanisms within the parasites ensure that new generations of infected rbc remember the var gene that was expressed by their parental rbc [17].
Supported by findings of Lavstsen et al. [42] we assume that initially every VSA
is expressed with equal probability on the surface of the infected rbc, i.e. in 10%
of the first generation.
Since the only difference between parasites of an infecting strain is the VSA they
are expressing, we can model the dynamics by keeping track of the proportion
with which each VSA is expressed by the infected rbc. Because we do not model
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the absolute number of infected rbc or the production of gametocytes (sexual
stage of the parasite which is taken up by the mosquitos [21]), the probability of
transmission remains equal during infection.
Infection is updated once every two days by calculating the new proportions with
which infected rbc express each VSA. This calculation is based on the relative
differences between the binding values of the expressed VSA (for the equations
used in the calculations see Supplementary Material). Due to the differences
in net growth rate inferred by the binding values, very quickly, the majority of
infected rbc will express the strongest VSA for which no immunity exists.

2.2

Co-infections

Co-infections with different strains are common [50, 22]. In the model, the proportion with which each VSA of a newly infecting strain is expressed on the surface
of first generation infected rbc is set to three percent of all infected rbc. The proportional VSA expression in infected rbc in the next generation then depends on
the proportion of expression in the current generation and differences in binding
values between the VSA of all resident strains. In the default model, all infecting
parasites strains are equally likely to become transmitted.
We model within-host strain competition by saying that a parasite strain must
infect a minimal proportion of rbc to survive into the next generation. If all of
the VSA of a parasite strain are expressed on less than five percent of all infected
rbc, the parasite strain does not survive and is cleared from the host (see Figure
5b Supplementary Material).

2.3

Immunity

When a VSA is expressed on more than 30% of the infected rbc, the immune
system of the infected host starts to build a specific antibody response against the
VSA. Antibodies become effective 22 days after initiation of the specific response
(as suggested in [18, 19]). As a result, the proportion of infected rbc expressing
the VSA is set to zero. When a host has built up immunity against all VSA that
a particular parasite can express, the parasite can no longer survive in the host
and is cleared (see Figure 5a Supplementary Material).

2.4

Transmission

Hosts have a daily probability of becoming infected of 0.679, in agreement with
infective biting rates measured in high-transmission areas [7]. The infecting parasite strain is selected from all strains with a weight of 1 + strain prevalence in
the human host population. We thereby implicitly assume that the prevalence
of the parasite strains in the host population is proportional to the prevalence of
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the parasite strains in the mosquito population and that the mosquito population is sufficiently large. By adding one to the strain prevalence, parasites with
a prevalence of zero, still have a small probability of infecting a host. This keeps
the effective parasite strain population constant and it also allows newly formed
parasites (see below) to infect hosts.

2.5

New strain formation

At initialisation strains are created by randomly selecting a set of VSA from the
VSA pool. Malaria parasites are known to undergo frequent recombination of their
var -gene sequences [52, 3]. Recombination takes place during sexual reproduction
of the parasite inside the mosquitoes. In the model we allow new strains to form
at a daily probability of 0.12. The VSA of the new parasite strain are selected
from the pool of all 750 VSA with a (within-host) prevalence-weighted probability
of: 1+V SA prevalence. This reflects that VSA that are more common in the host
population are also more likely to meet each other in mosquitoes and recombine
into a new strain. There is a small probability for new VSA, with zero prevalence,
to be included into the new parasite. The new parasite strain replaces the resident
strain infecting the least hosts (typically none).

2.6

Patient sampling and agglutination assays

In agglutination assays, antibodies and infected rbc from the same or different patients are brought together. If the cells agglutinate it indicates that the antibodies
recognize (bind to) the VSA used by the parasite isolate. In agglutination assays
from hospital studies by Bull et al. [11, 12, 13], antibodies and parasite isolates
originate from young patients suffering from malaria disease. The agglutination
assays are used to determine the frequency by which parasite isolates of a group
of young patients are recognised by antibodies taken three years previously from
another group of patients. The frequencies of recognition are then plotted against
the age of the patients where the parasites isolates originate from (see figure 2
in [12]). In the model we can distinguish between infected and non-infected individuals but we have no measure for clinical malaria. To have a similar study
group as in the hospital studies we have randomly included infected hosts under
the age of 21 at seven points in time, a total of 3706 unique hosts (see Table 4
Supplementary Material). We assumed that each host sample contained parasites
expressing a single VSA –the most dominant at the time of sampling– and all
antibodies of the host. An agglutination event was observed if the expressed VSA
of one host was recognised by any of the antibodies of another host. The model
is validated by comparing the trends in frequencies of recognition observed in the
patients studies with the ones from our study groups.

95

Chapter 5

2.7

Definitions of prevalence measures and parasite success

The within-host success of a parasite strain is defined as the average duration
of infection of all the infections caused by the strain. The between-host success,
which we use as a measure for the evolutionary success of a parasite strain, is
defined as the total number of infections caused by a parasite strain during its
existence. Note that this is not the same as the number of different hosts it has
infected, as a strain can infect a host more than once. The relative within-host
prevalence per strain is defined as the proportion of rbc infected by the same
strain (which is one, if the host is only infected by one strain). The prevalence of
parasite strains in the host population is defined as the number of hosts infected
by a specific strain at a given time. We define four measures of VSA prevalence
(the maximum values are for the default model):
• Expression The number of hosts, at a given time, in whom the VSA is
dominantly expressed (maximum: 2000 hosts, if all hosts dominantly express
that VSA).
• Host The number of infecting parasite strains carrying the VSA (maximum:
2000 hosts x 50 strains, if all hosts are infected by all strains and all strains
carry the VSA).
• Parasite The number of parasite strains that carry the VSA (maximum:
50, if all strains carry the VSA).
• Immune The number of hosts that have immunity against the VSA (maximum: 2000, if all hosts are immune).
During simulations all four VSA prevalence measures are recorded once every two
days. When we look at average VSA prevalences we distinguish between a longterm average and a strain-relative average. The long-term prevalence of a VSA
is defined as the average of all the prevalences recorded during a simulation (not
including the 150 years transient period). The strain-relative VSA prevalence is
meant to capture the average VSA prevalence experienced by a VSA in a specific
parasite strain. It is defined as the average of all the VSA prevalences recorded
for this VSA during the time of the strain’s existence.

2.8

Emerging parasite strain VSA structure

To examine whether structured strains have an evolutionary advantage, we compare the success of several structured strains with each other and with the average
parasite strain. First, we look whether strains that have a specific VSA structure
are more successful between-host than the average parasite strain (‘structure →
success’) and second, we look whether strains that are very successful betweenhost, more often have a specific VSA structure than less successful strains (‘success
→ structure’).
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Analyses are performed using the following protocol. At the end of a simulation,
for all parasite strains, the strain-relative prevalence of each of their VSA is calculated for all four prevalence measures (a total of 4x10 measures per strain). Then,
for every prevalence measure separately, the median and third quartile value of
the strain-relative prevalences of all VSA (10 x number of strains) is determined.
Also the first quartile of all the lowest binding values (i.e. strongest VSA) of each
strain is determined. The strains are then classified as having a common-rare,
strong-rare or a rare VSA structure, with respect to each of the four prevalence
measures. For this we made the following choices. Common-rare parasite strains
are defined to have nine out of their ten VSA with a strain-relative prevalence
lower than the median value and one VSA with a value higher than the third
quartile value. Strong-rare parasite strains are defined to have at least nine out
of their ten VSA with a strain-relative prevalence lower than the median value
and also carry at least one VSA that has a lower binding value (i.e. is stronger)
than the first quartile value. Rare parasite strains carry VSA that all have a
strain-relative prevalence lower than the median value.
For the success → structure analysis, we determine the percentage of each VSA
structure amongst the 25 most successful parasite strains and compare this to
the percentage of that structure amongst all strains. For the structure → success
analysis, the percentage of successful strains amongst strains of each structure,
again separately for each prevalence measure, is compared to the all-strain average success. Successful being defined as having a higher between-host success
than the third quartile of all strains.
Test for significance are performed on the combined results of three simulations
with default parameter settings and different seeds of the random number generator, using Pearson’s Chi-square tests.

3
3.1

Results
General model behaviour and validation

The results shown below were found to be robust to changes in the seed of the
random number generator and variations in the numbers of hosts, parasite strains,
total VSA and VSA per strain. All results shown originate from one representative
simulation with the default parameter settings. Where relevant, sensitivity to
parameter settings is mentioned in the text.
The imposed age-dependent mortality probability ensures a stable host demography with an age-distribution characterised by a high proportion of children,
similar to the ones observed in high malaria transmission areas. To validate the
model, we have simulated one of the agglutination studies performed by Bull and
colleagues in a high transmission area in Kenya [11, 12, 13]. Our result of an
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Figure 1: a) The frequency with which parasite isolates of study group 2 are
recognised by antibodies from study group 1, against the age of group 2 hosts. In
gray is a linear regression line. b) The frequency with which parasite isolates of
study group 3 are recognised by antibodies from study group 1, against the age of
group 3 hosts.

Figure 2: The average binding value of the dominantly expressed var genes plotted
against the age of the host. Error bars denote the standard deviation.

agglutination assay between study groups three years apart is shown in Figure
1a. This graph, just like the original (see figure 2 in [12]), shows a negative correlation between the age of the host a parasite is isolated from and how often this
parasite is recognised. We also find that younger children preferentially express
the strongest VSA (see Figure 2). Such a hierarchy in the expression of VSA is
in agreement with findings of Buckee et al. [9].
We also simulated agglutination assays between study groups many more years
apart. As the time-frame between the study groups becomes larger, the negative
correlation, as seen in Figure 1a becomes weaker and eventually disappears. Figure 1b shows the result from an agglutination assay between study groups that
are 30 years apart (see Table 4 in Supplementary Material).
To test if stronger VSA also persist longer (i.e. are more ’common’) we plot the
150 year-average of the four VSA prevalences (as defined in section 2.7) against
the VSA strength. For the Expression prevalence we find that the stronger VSA
are more often dominantly expressed (Figure 3a); Immune prevalence against the
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Figure 3: a) The long-term Expression prevalence of the var genes plotted against
the var genes ordered by their binding value. The lower the binding value the
stronger the var genes. b) The long-term Host prevalence of the var genes plotted
against the var genes ordered by their binding value. The lower the binding value
the stronger the var genes.

stronger VSA is therefore also higher (not shown). However, we find no correlation
between the strength of a VSA and its long-term Host (Figure 3b) or Parasite
prevalence (not shown).

Parasite dynamics, within and between-hosts
Although hosts are usually infected by more than one parasite strain, infection
is generally dominated by the parasite strain that expresses the strongest VSA.
Due to the build up of antibodies and co-infections by new strains, the strongest
VSA expressed changes continuously. This results in within host dynamics characterised by periodical changes in the dominance of VSA expression and strain
infection, analogous to the antigenically distinct waves of parasitemia observed
in patients [46] (as shown in Supplementary Material Figure 7a and 7b). It is
important to note here that the analogy only applies to the changes in dominance
and not to the parasitemia since we do not keep track of the absolute number of
infected rbc.
The pattern of the fluctuations in antigenic and strain dominance changes with
the age of the host. In young hosts the difference between dominantly and subdominantly infecting strains is very pronounced displaying abrupt transitions between one dominant strain and the next. In older hosts, transitions between
dominant strains are less pronounced with longer periods where more than one
of the co-infecting parasite strains infects a considerable proportion of the rbc.
In the model, multiplicity (the number of co-infecting parasite strains) decreases
with age, approaching zero in the elderly hosts. This is an artifact of the model
due to the limited number of VSA, to which the elderly hosts will have built up
an almost complete antibody repertoire. Indeed, simulations with twice as many
VSA (1500) show that multiplicity remains in the elderly hosts despite the large
size of their anti-VSA repertoire (results not shown).
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c

Figure 4: a) The within-host dynamics plotted against the between-host dynamics,
each dot is one parasite strain. The 25 most successful within-host strains (squares)
and between-host strains (triangles) are marked. For the whole set of parasite
strains, the 25 most successful within-host and the 25 most successful betweenhost strains, the average days of parasite strain survival (b) and the average peak
prevalence (c) are shown. Error bars depict standard deviations.

The between-host dynamics is characterised by semi-overlapping waves of a few
strains that reach high host prevalence, combined with a continuously low background host prevalence of the remaining strains (as shown in Supplementary Material Figure 7c). To better understand the distinct difference in parasite strain
behaviour, we look at the relation between the between-host success and withinhost success (see section 2.7 for definitions) as shown in Figure 4a. We find that
most parasite strains are not very successful either within or between-hosts. Also,
the figure shows that parasite strains seem to be restricted in the sense that they
are either good within-host competitors or good between-host competitors, but
not both. We mark the 25 most successful parasite strains within-hosts (black
squares) and between-hosts (black triangles) to compare their survival time and
peak host prevalence with that of all parasite strains in Figures 4b and 4c. The
parasite strains that are most successful between-host also survive much longer
than the average parasite strain. The average survival time of the most successful between-host strains is 22 years. Results from simulations with different
parameter settings show that the survival of the strains is positively related to
the number of loci per parasite, the number of hosts and the number of parasites
strains. The survival of the strains decreases with increased numbers of VSA. Parasite strains that are most successful within-host have a much higher peak in host
prevalence than the average parasite strain. These are the parasite strains that
sweep through the host population causing short-term outbreaks after which they
go extinct. The most successful between-host parasite strains do not in general
infect many hosts at the same time.
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Table 1: The percentage of successful (top 25% of the between-host success for
all strains) strains with a strong-rare, common-rare and rare var gene structure
with respect to prevalence measures, Expression, Immune, Host and Parasite. Percentages shown are an average from 3 simulations with default parameter settings
but different seeds for the random number generator. Asterisks denote a p-value <
0.001 for Pearson’s chi-square test, results without asterisks have a p-value > 0.05.
The average size of the subsets is also depicted.

Structure → Success
Prevalence
measure
All strains
Expression
Immune
Host
Parasite

3.2

strong-rare
successful size
25
6543
38.8*
36.7
40.0
0.3
39.4*
151.3
57.2*
29.3

common-rare
successful size
25
6543
39.4*
83.3
27.0
24.0
8.5*
69.3
54.4*
38.7

rare
successful
25
49.3*
45.8
45.9*
71.8*

size
6543
51.7
4
284.0
51.7

Parasite VSA structure

To examine whether under the proposed selection pressures, a strong-rare VSA
structure is indeed the most evolutionarily advantageous, we compare the performance of strains with a common-rare, strong-rare var and rare VSA structure
to the all strain average as described in section 2.7. The analysis is performed
on the results from three simulations with different seeds for the random number
generator under default parameter settings, as shown in Table 1 and 2.
The results of the structure → success analysis depicted in Table 1 show that both
strains with a rare and a strong-rare structure were significantly more successful
than the all-strain average. For the Immune prevalence measure the difference
was not significant. The strains with a rare VSA structure were on average most
successful, in particular when measured by Parasite prevalence. Common-rare
structured strains were significantly more successful when measured by Expression and Parasite prevalence, but significantly less successful when measured by
Host prevalence.
The results of the success → structure analysis depicted in Table 2 show that
among the 25 most successful strains, the percentage of rare structured strains was
the highest, in particular rare with respect to Host prevalence. The percentage of
rare structured and strong-rare structured strains among the 25 most successful
strains was significantly higher than among all parasite strains, except for Immune
prevalence. In all simulations very few strains existed with a rare structure when
measured by Immune prevalence, none of them among the 25 most successful
strains. Common-rare structured strains measured by Parasite prevalence were
significantly over-represented amongst the 25 most successful strains.
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Table 2: Of the whole set of parasite strains (all) and of the 25 most successful
between-host parasite strains (successful), the percentage of strains with a strongrare, common-rare and rare var gene structure is shown with respect to prevalence
measures, Expression, Immune, Host and Parasite. Percentages are an average from
3 simulations with default parameter settings but different seeds for the random
number generator. Asterisks denote a p-value < 0.001 for Pearson’s chi-square test,
results without asterisks have a p-value > 0.05.

Success → Structure
Prevalence
measure
Expression
Immune
Host
Parasite

strong-rare
all
successful
0.67 9.33*
0.03 0.00
2.66 28.00*
0.71 17.33*

common-rare
all
successful
1.27 1.33
0.45 0.00
0.99 0.00
0.60 5.33*

all
0.79
0.06
4.34
0.79

rare
successful
13.33*
0.00
66.67*
21.33*

Robustness of the VSA structure results
We found our results on the parasite VSA structure to be robust for a variety of
changes to the default model: i) Increasing the number of VSA to 1500, so that
hosts never reach full immunity; ii) Making the VSA un-continuous in their binding value, i.e. VSA with binding value 1-5 and with value 100-844 to mimic the
possibility that due to physical constraints there exists only a limited set of VSA
that have optimal binding interactions with the molecules on endothelial cells;
iii) Only the strain with the dominantly expressed VSA is allowed to transmit,
reflecting that a significant amount of parasitemia is needed for transmission; iv)
Only strains that have infected a host for more than five days can be transmitted,
reflecting the time it takes to form gametocytes (the sexual parasite stage taken
up by mosquitoes to transmit the parasite) [21].

4
4.1

Discussion
Emerging VSA structures.

We have built a model that captures some of the important aspects of the complex
infection biology of P. falciparum involved in VSA dynamics, including parasite
multi-level competition and host immune evasion. Also the two opposing immune
selection pressures on VSA i.e., selection for optimal growth in young children
and selection for rare VSA in older hosts, are both present in the model. Analysis on the results of simulations show that a strong-rare VSA structure is not
the best performing structure despite the presence of the selection pressures held
responsible for the existence of such a strong-rare structure. Instead, we find that
parasites with a VSA structure of only rare VSA, in particular rare with respect
to their presence in the host and parasite population, perform the best (Table 1
and 2).
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To validate that the VSA dynamics in the model are realistic we show that findings from one of the largest serological studies on parasite recognition [11], are
found in our simulations namely that there exist more commonly recognised VSA
that are mainly expressed in young children (Figure 1a). Furthermore our model
supports the frequently proposed idea that these commonly recognised VSA have
optimal cytoadherant properties, i.e. are the stronger VSA (Figure 2) [33, 35, 14].
The benefit of expressing a strong VSA is that it allows strains to out-compete
other, co-infecting, strains. However, because of this dominance they become
more common in the hosts’ antibody repertoires. Therefore strong VSA can
eventually only be used to infect very young children. Rare VSA on the other
hand, can be used to infect hosts of all ages, also the very young hosts (although
only briefly because they get out-competed). Thus, it is in the benefit of a strain
to carry as many rare var genes as possible. Previous studies had already predicted that strains with non-overlapping antigenic units can evolve in the face of
immune selection pressure, even in the presence of recombination because hybrid
strains will be recognised by a greater number of hosts [29, 44, 14]. The parasite
prevalence in our model is a measure for the overlap of VSA in the parasite population. Our results confirm that strains with the least overlapping repertoires
perform better.

4.2

Alternative hypotheses for a partitioned VSA structure.

For P. falciparum to maintain a partitioned var gene repertoire across all parasite
strains at the cost of loosing vital strain diversity [48] and probably also at an
energy cost, this partitioning must convey an essential benefit to the parasite’s
survival. Our model shows that safe-guarding optimal functionality for a trait, on
its own, is not enough to explain this partitioning. Below, we discuss the feasibility of several alternative mechanisms to explain a partitioning in the parasites’
var gene repertoire.
There exists the possibility that var gene grouping occurs due to molecular constraints rather then immune selection. Some var gene recombinations are likely to
lead to non-functional proteins which limits recombination possibilities regardless
of immune selection. This mechanism could explain why a recombination grouping in the var gene pool is observed, and it could also explain a proportional
representation of these groups in individual var gene repertoires if the groups of
viable recombinations are not linked to the antigenicity of the surface proteins
coded by them.
In this study we chose to use differences in adhesion strength to distinguish between the VSA. There are more differences between the surface proteins coded by
var genes, such as differences in the type of receptors they bind which results in
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sequestration of infected rbc in different tissues (i.e. the brain or the placenta).
Some var genes allow infected rbc to form ’rosettes’ which plays an important
role in clinical disease [43]. We argue that any other var gene trait that influences
the within-host competition of the parasite strains, instead of binding strength,
would have given the same qualitative results.
Another possibility is that the trait of the var genes conveys a between-host
competitive advantage to the parasite expressing them (such as increased transmission). This could infer enough extra benefit to the parasite that it pays off for
parasites to maintain var genes optimal in this trait despite the loss in diversity.
Even for the trait used in our model this could be possible. If stronger var genes
infer greater net growth rates they can cause higher parasitemia and probably a
higher rate of transmission.
We model only one VSA per binding value and therefore only one antibody is
needed to clear all infected rbc that have that binding strength. In reality, we
expect that sometimes the adhesion site for tissue receptors is different to the
adhesion site for antibodies. This opens up the possibility for var genes to recombine so that they keep the tissue binding site intact (maintaining functionality),
while changing the antibody site to avoid recognition. A grouping in the var gene
pool could be explained by this, but it does not explain why each strain carries
representatives from each group in the pool. Instead we would expect strains
to specialise in carrying var genes from one particular recombination group, as
previously predicted [30, 44].
At least some of the anti-VSA antibodies are probably not long-lasting [6]. We
expect that in the high transmission areas, as simulated in the model host antibody responses are continuously boosted by frequent re-infections and therefore
effectively long-lasting. This idea is supported by the observation that protection
from disease increases with age [43].
In our model, the order in which VSA are expressed within-host depends on the
binding value of the VSA. Such a coupling between trait and order of expression is not unrealistic, because if infected rbc expressing strong VSA out-compete
rbc expressing weaker VSA, an order of dominant expression emerges naturally.
This coupling strongly affects our results because it makes antibodies against the
strong VSA also more common. In a scenario where the order of dominant VSA
expression would be random, anti-VSA antibodies would be equally common for
all VSA and parasites carrying a strong VSA would have more benefit than in the
current scenario. However, as soon as the expression of a VSA from one strain
leads to competition with a strain expressing another VSA, antibody prevalence
would become skewed again.
The host’s immune system uses a myriad of other, non-var gene specific, mechanisms as a response to malaria infection. In the model these mechanisms are
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jointly represented by only allowing those strains to survive that can maintain a
minimum relative prevalence within the host. How these mechanisms would affect
the VSA dynamics if we could model them explicitly is unclear.
In many malaria high-transmission areas there exist dry and rainy seasons. During the dry season, parasite transmission is low by reduced abundance of the
mosquito vector. Parasite strains have to survive this low-transmission period
inside one host, which they are thought to do by switching their VSA. Most hosts
will already have immunity against the strong VSA, thus parasites will benefit
from carrying rare VSA such that they have enough alternative VSA to switch
to. We predict that including seasonality into the model will only increase the
success of rare structured parasites.
Although we model a realistic host demography which includes high child mortality largely caused by malaria, we do not directly model host mortality due to
malaria disease. We expect no qualitative difference in our results when modelling malaria morbidity directly because most malaria deaths occur amongst
young children that have high parasitemia. We argue that if the infecting strain
would not have been fatal, this strain would soon have been out-competed by
one of the constantly infecting new strains anyway. Therefore the effect of loss
in transmission by the ’killing’ strain is minimal. Thus, for the VSA dynamics
knowing which strain was responsible for a death is not important, only the frequency of host replacement by a non-immune new-born host is relevant. To model
a realistic frequency we imposed the host demography from a high-transmission
malaria-endemic region.

4.3

Parasite infection dynamics

Our model gives us insight into parasite strain dynamics that is difficult to obtain
from experimental research. In the literature some (groups of) var genes or VSA
are often referred to as ’common’ and it is not always clear in which context this
group is more common. In the model we defined four measures to quantify the
VSA prevalence (or ’commonness’), i.e. expression prevalence, immune prevalence, host prevalence and parasite prevalence. We found that when VSA are
more common according to one prevalence measure, the VSA are not necessarily
also more ’common’ according to another prevalence measure (Figure 3). The
reason for this discrepancy is the order in VSA expression where the stronger
VSA are expressed earlier. Therefore it is important to distinguish between more
than one VSA prevalence measure since changing one prevalence measure (e.g.
the immune prevalence with a vaccination program) could have a different, unexpected impact on another VSA prevalence measure.
An interesting observation from the within-host dynamics is that we found that
the infection patterns of parasite strains change with host age. This occurs because the dominantly expressed VSA in younger hosts tend to be stronger than
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the VSA in older hosts. The assumed difference in net growth rate between competing rbc that both express a stronger VSA is much larger than the difference in
net growth rate between rbc that both express weaker VSA. As a result, in young
hosts infection is very much dominated by the strain expressing the strongest
VSA, while in older hosts co-infecting strains have longer transient periods were
both strains have a relatively high within-host prevalence.
In infected individuals, multiplicity (the number of co-infecting parasite strains)
has been found to increase with age which is curious in view of the fact that the
number of anti-malaria antibodies also increases with age [50]. In the model, we
find multiplicity to decrease with age. However, if we only consider parasites that
infect at least ten percent of the infected rbc, we find multiplicity to increases
with age, due to the changes in within-host infection patterns as described above.
If we can assume that in samples of infected individuals only the most prevalent
parasite strains are represented, changing infection patterns can explain why it is
found that multiplicity increases with age.

4.4

Conclusion

In conclusion our model shows that the advantage for parasites to have a partitioned var gene repertoire is not straight forward. Merely assuming that a tradeoff between var gene functionality versus parasite diversity can cause this partitioning is not sufficient. Our study presents a novel way for malaria researchers
to look at the influence of different immune pressures on the parasite, crucial to
help predict the outcome of intervention methods that effect host immunity. More
studies are needed to explore the validity of alternative mechanisms explaining
the partitioning of the parasites var gene repertoires. Insights obtained from our
model are relevant in any host-pathogen system where the pathogen uses VSA
to escape host immunity, like Trypanosoma brucei, Giardia lamblia and Borellia
species.
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Supplementary Material
The model structure
The model is written in the C++ programming language. The main actors in
our model are hosts, parasite strains and var genes, all individually labelled by a
unique ID number.
The host population
At initiation of the simulations 2000 hosts are created, each with age zero, and
without antibodies. Once every year (365 time steps) either the host’s age is
incremented by one or it dies. The number of hosts in the population remains
constant. When a host dies it is replaced by an uninfected newborn host with a
new ID number, age zero and no antibodies. To obtain a realistic host demography
we have imposed age-dependent mortality probabilities from a demographic study
in a high-transmission malaria area (see Figure 6) characterised by high infant
mortality, for a large part caused by malaria [1, 2, 5].
The parasite population
The parasite population consists of a set of 50 parasite strains, where a strain
is defined as a combination of var genes with a unique parasite strain ID number. Each strain is assumed to have 10 loci for var genes which at initialisation
of a simulation are chosen at random from the var gene pool without allowing
duplicate var genes within a strain.
The var genes
There exists a fixed set of 750 unique var genes in the model. The ID number of
a var gene is denoted ’binding value’ and assumed to be inversely correlated with
the ability of the rbc expressing this var gene to cytoadhere. This avoids splenic
clearance of the infected rbc, thereby determining the within-host growth rate of
the infecting parasites. The lower its binding value, the better the cytoadherent
properties of the var gene, i.e the ’stronger’ the var gene.

Infection, immunity and transmission
Infection
In the model, hosts have a fixed default daily probability of becoming infected of
0.679, in agreement with infective biting rates measured in hyperendemic areas
[7]. Because we are interested in the dynamics of the proteins that are expressed
on the cell surface of infected red blood cells we focuss only on the asexual multiplication of the parasite that takes place in the general bloodstream.
Parasite proliferation in the earlier liver-stage of the parasite is taken into account
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by assuming that a large number of new parasites enter the general bloodstream
and infect rbc, each infected cell expressing only one of the 10 var genes at a time.
We assume that initially every var gene is expressed with equal probability, i.e.
in 10% of the infected rbc. This assumption is supported by a study of Lavstsen
et al. [42] showing that first generation asexual parasites transcribe all var -genes
at roughly similar levels.
Inside rbc, parasite multiplication takes approximately 48 hours, after which the
cell ruptures and a new generation of parasites is released into the blood stream
infecting new rbc [46, 24]. In the model, intracellular infection is updated once
every two days by calculating the new proportions with which infected rbc express
each var gene. This calculation is based on the assumptions that i.) epigenetic
mechanisms within the parasites ensure that new generations of infected rbc remember the var gene that was expressed by their parental rbc [17]; and ii.) the
adhesion properties of individual var genes determine the growth rate of the parasites expressing them on the surface of an rbc (as suggested in [11]). As a result
within only a few generations of intra-cellular parasites the var gene with the
best cytoadhering properties will be expressed on the majority of infected rbc
and dominate the infection. Details on calculating the within-host dynamics are
given below.
Within-host dynamics
The first generation of parasite strains, that enter the bloodstream from the liver,
express the var genes they carry with an equal relative prevalence of 0.03 on the
surface of the rbc they infect (see Table 5). To obtain the new relative prevalence
at which the var genes of the parasite are expressed by the rbc it infects we first
determine the factor, x, that normalises the weighted sum of the frequencies to
one. Frequencies are weighted by the inverse of the ID of the var genes i.e., with
the strength of the var genes as follows:
n
X
1
· pold · x = 1
IDl l

(1)

l=1

Here, l, are the var genes, n is the total number of var gene loci per strain and
pold is the current relative prevalence of the var genes. Then the new relative
prevalence for each var gene is calculated by:
pnew
=
l

1
· pold · x
IDl l

(2)

Once every other day, for every new generation of parasites a new normalisation
factor is determined and the new relative prevalences of the expressed var genes
are calculated, an example with a strain of 4 var gene loci is shown in table 5.

112

Malaria in humans 1
Immunity
When the proportion of an rbc population expressing a specific var gene crosses
a threshold value (0.3), the immune system of the infected host starts to build
a specific antibody response against this expressed var gene. Once an antibody
response is initiated it will continue to build up even if the proportion of cells
expressing the var gene drops below the threshold again. Antibodies become
effective 22 days after initiation of the specific response (as suggested in [18, 19].
The effect of the presence of specific antibodies is that the relative prevalence
of cells expressing the var gene under consideration is permanently set to zero.
Because of this, the infection will switch to being dominated by the next best
var gene expressing rbc, eliciting a new immune response. This cycle results in
periodical changes of dominant var gene expression, analogous to the antigenically
distinct waves of parasitemia observed in patients [46]. When a host has built
up immunity against all var genes that a particular parasite can express, that
parasite is cleared from the host (Figure 5a).
Transmission
The mosquitoes that transmit the parasite between hosts are not explicitly included in the model. Instead we reduce the complexity of the model by letting the human hosts become infected by parasite strains proportionally to 1 +
strain prevalence in the human host population. We thereby implicitly assume
that the prevalence of the parasite strains in the host population is proportional
to the prevalence of the parasite strains in the mosquito population, i.e. all hosts
have the same probability of infecting a mosquito regardless of which parasite is
infecting them. We also assume that all infecting parasites are equally transmissible, regardless of parasitemia. By adding one to the strain prevalence, parasites
that have a prevalence of zero, still have a small probability of infecting a host.
This is important because it allows new parasites that enter the parasite population through mutation or recombination (see below) to infect a host.

Co-infections
It is common for malaria patients to be co-infected by more than one parasite
strain [50, 22]. In the model we also allow this to happen. Infection can occur
daily, while the within-host generation cycle is updated only once every other
day. If the newly infecting parasite is out of phase with the resident parasite, it is
synchronised for simplicity. After co-infection, calculation of the new proportions
of expressed var genes continues as if the host were infected by one parasite strain
with twice the number of var genes.
When parasites are released into the blood stream after rupture of the infected red
blood cells they are extremely vulnerable to attacks by the immune system. Thus
sufficient infected rbc from the previous generation must avoid splenic clearance
to ensure that enough parasites are released into the blood stream simultaneously,
such that sufficiently many will survive to find and infect new rbc.
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When multiple parasite strains co-infect a host, the dominant var gene expression
of one of the strains might lower the proportion of rbc infected by other parasite
strains so much that they are cleared from the host. We have set a minimal
proportion of rbc that must express at least one of the var genes of a parasite
for the parasite to survive into the next generation. If none of the var genes of
a parasite strain are expressed above this threshold, the parasite strain is outcompeted and cleared from the host (Figure 5b).

Recombination
Malaria parasites are known to undergo frequent meiotic recombination of their
var -gene sequences [52, 3]. This recombination takes place during sexual reproduction of the parasite inside the mosquitoes. The mosquito life-stage of the
parasites is not explicitly included in the model; instead, we set a fixed daily
recombination event probability of 0.12. When a recombination event happens,
the parasite strain infecting the least hosts (typically none) is set to go extinct
and is replaced by a new strain with a new ID number. The var genes of the new
parasite strain are selected from the set of all 750 var genes with a (within-host)
prevalence-weighted probability of: 1 + var prevalence, in much the same way as
the selection of parasites for infection. The reasoning behind this is that recombination in mosquitoes is more likely to take place between var genes with a higher
prevalence in the population, simply because more mosquitoes will be infected by
them. The small probability for new var genes, with zero prevalence, to form part
of the new parasite, reflects the introduction of a new var gene into the parasite
population through mutation which happens at a lower rate than recombination
[24].

Extended description of model results
When parasites carry equally rare VSA there is still no difference in parasite success for strains carrying a stronger or weaker VSA (not shown). This is because
carrying a strong or a weak VSA each has its own small advantage. To illustrate,
we consider two identical parasite strains, where one of the strains carries one
stronger VSA than the other but of equal ’rarity’. Then, in a few hosts, the
strain with the strong VSA will have the advantage of infecting a host longer because it is less likely to be out-competed by other strains. On the other hand, in
a few hosts, the strain carrying the weaker VSA will be able to co-infect without
being the dominant strain thus hiding from the immune system which will allow
it to infect the same host for a second time using the same VSA.
From the model we learn that parasite strains balance between not infecting too
many hosts to avoid depletion of susceptibles and at the same time infecting
enough hosts to survive. This balance is very fragile, if a new parasite strain en114
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ters the population through recombination, sharing one or a few of its VSA with a
resident parasite strain it disturbs the infection balance of the resident strain. The
greatest problem that parasite strains seem to face is that they have to maintain
this infection balance in an ever changing (immune) environment while using the
same VSA. Replacing their ’VSA-coat’ through continuous recombination events
is crucial for parasite survival since no combination of VSA in a strain was able
to survive throughout the 150 years in any of the simulations.
Results from simulations with different parameter settings show that the survival
of the strains is positively related to the number of loci per parasite, the number
of hosts and the number of parasites strains. The survival of the strains decreases
with increased numbers of VSA. At first, it seems counter-intuitive that parasite
strains can survive longer when there are more competitors around and that
they survive shorter when there are more VSA to choose from. The reason for
this result has to do with the proportion of VSA from the VSA pool that are
actually present in the parasite strain (and host) population. When the VSApool becomes larger without an increase in the number of different strains, it
means that more VSA are not seen by the host population for longer stretches
of time. When, by recombination, they enter the strain and host population
again there is no immunity for these VSA and they can cause a sweep through
the population. These sweeps disturb the balance (as described above) of other
strains, causing them to go extinct. Therefore the more VSA from the VSA-pool
that are represented in the parasite strain and host population, the longer strains
tend to survive.
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Table 3: Default parameter settings

parameter
Hosts
Parasite
strains
Var genes
Var gene loci

value
2000
50

tests
5000
100

unit
numbers
numbers

description
the number of hosts
the number of parasite strains

750
10

1500
15

numbers
per parasite

the number of unique var genes
the number of different var gene
loci
How often a new parasite strain
arises in the population
daily probability of a host to become infected [54]
relative prevalence with which all
var gene of a newly infecting parasite strains are expressed within
a host upon co-infection
minimal relative within host
prevalence needed for parasite
strain survival
minimal relative within host expression prevalence needed to
trigger immune response against
a VSA
time taken for the immune system to build (enough) effective
antibodies

Recombination 0.12
probability
Infection
0.679
probability
Infection fre- 0.03
quency

Survival
frequency

0.05

Immune
frequency

0.3

Building time

22

per day
per day

days

Table 4: Details of the groups of hosts that are sampled at different time points
during simulation.

Patient
group
1
2
3
4
5
6
7

Selection
year(s)
150
153-154
180-182
210
212
240
242

Number of
patients
119
184
242
138
108
112
94

Average
age (years)
4.1
4.0
3.6
3.9
3.9
3.8
3.6
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Table 5: Example of the within-host relative prevalence of var -expression by rbc
infected with a strain that carries 4 different var genes, binding values of each gene
are in boldface.

2
day
0
2
4
6

X
50.76
2.54
2.06
2.00

0.03
0.76
0.97
>0.99

15
20
prevalences
0.03
0.03
0.10
0.08
0.02
0.01
<0.01 <0.01

25
0.03
0.06
<0.01
<0.01

a

b

Figure 5: a) A parasite infecting an rbc, expresses its strongest var gene for which
the host has no antibodies (day 0). The host has built up antibodies against the
expressed var gene, the parasite switches to expressing its next strongest var gene
(day 25). The host has antibodies against all of the var genes of the parasite, it is
cleared from the host (day 50). b) A parasite infecting an rbc, expresses its strongest
var gene for which the host has no antibodies (day 0). The host is co-infected with
another parasite that also expresses its strongest var gene for which the host has
no antibodies (day 5). The expressed var gene of one of the parasites is so much
stronger than the var gene expressed by the other parasite that it out-competes the
other parasite which is cleared from the host (day 20).
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Figure 6: Imposed host demography: Age profile of host population at year 15 of
simulation, line is produced using mortality data from a high malaria transmission
area [5].

a

b

c

Figure 7: Parasite dynamics, within and between-hosts: Representative sample
of within-host parasite dynamics in a young host ≈ 9 months (a) and in an older
host ≈ 3 years (b), showing the relative prevalence of co-infecting parasite strains.
Each line denotes a different parasite strain. c) Representative sample of betweenhost dynamics showing the prevalence of circulating parasite strains in the host
population, each line denotes a different parasite strain.
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Abstract
Red blood cells infected by the malaria parasite Plasmodium falciparum, express
variant surface antigens (VSA) that evade host immunity and allow the parasites
to persist in the human population. There exist many different VSA and the
differential expression of these VSA is associated with the virulence (damage to
the host) of the parasites. The aim of this study is to unravel the differences in
the effect key selection forces have on parasites expressing different VSA such that
we can better understand how VSA enable the parasites to adapt to changes in
their environment (like control measures) and how this may impact the virulence
of the circulating parasites.
To this end we have built an individual-based model that captures the main
selective forces on malaria parasites namely, parasite competition, host immunity,
host death and mosquito abundance at both the within and between-host level.
VSA are defined by the net growth rates they infer to the parasites and the model
keeps track of the expression of, and antibody build-up against, each VSA in all
hosts. Our results show an ordered acquisition of VSA-specific antibodies with
host age which causes a dichotomy between the more virulent VSA that reach
high parasitemias but are restricted to young relatively un-immune hosts, and
less virulent VSA that do not reach such high parasitemias but can infect a wider
range of hosts. The out-come of a change in the parasite’s environment in terms
of parasite virulence depends on the exact balance between the selection forces
which sets the limiting factor for parasite survival. Parasites will evolve towards
expressing more virulent VSA when the limiting factor for parasite survival is the
within-host parasite growth and the parasites are able to minimise this limitation
by expressing more virulent VSA.
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1

Introduction

Malaria parasites are subject to a diverse range of selection pressures. Key selection pressures, as reviewed in Mackinnon & Marsh 2010 [46], are parasite competition, host immunity, host death, mosquito abundance and human interventions
(such as the use of antimalarial drugs). Malaria parasites have a complex life
cycle, with a variety of life stages within two different hosts, that allows them to
adapt and survive when changes occur in these selection pressures. It is due to
this adaptability that malaria still causes the death of over one million children
each year despite continuous efforts of prevention, control and eradication [46].
One trait that parasites can adapt that is of key importance to public health is the
parasites’ virulence i.e., the harm caused to the hosts. Theoretical studies have
shown that some seemingly sensible measures for control, for example vaccines
that lower the growth rate of the parasites, can cause the parasites to increase
their virulence to such extent that host mortality even increases [32]. Understanding how parasites adapt to changes in their environment is therefore important
to develop safe and effective control measures [49].
Parasite virulence is considered to be an unavoidable consequence of host exploitation required for parasite reproduction [3, 52]. Parasites cannot exploit
their hosts limitlessly in order to increase their reproduction and transmission because increased virulence also reduces the host life expectancy and consequently
can reduce parasite transmission. Classical virulence theory predicts that, due
to this trade-off between costs and benefits of virulence, parasites evolve toward
intermediate levels of virulence [3, 52, 27, 62]. Virulence evolution is influenced
by several host-pathogen interactions that need to be taken into account when
predicting how a pathogen’s virulence will be adapted in response to changes in
their environment. Examples of these are infections that allow for multiple- or
superinfection [31, 33, 8], infections where immunity to the pathogen is built up
gradually [48, 2], and infections where there exists a reciprocal interaction between
the within-host and between-host dynamics [54]. Understanding and predicting
virulence adaptation in malaria is difficult because the parasite’s life cycle is complex and all of these host-pathogen interactions apply to malaria infections.
A substantial part of the parasites adaptability and survival in humans arises from
the parasite’s so-called variant surface antigens (VSA). The best-studied VSA in
malaria, and the ones we will focus on in this paper, are Plasmodium falciparum
erythrocyte membrane proteins 1 (PfEMP1’s)[34, 9, 22]. These VSA are expressed
on the surface of infected red blood cells (rbc) and the immune system builds effective antibody responses against them [14, 59]. In addition to being strong antigens, these VSA have cythoadhesive properties and depending on which VSA is
expressed, infected rbc can adhere to different host tissues obstructing local blood
flow, which is an important virulence determinant of infection [51, 9, 58, 61]. For
example, VSA have been associated with various life-threatening clinical manifestations of the disease such as cerebral malaria, pregnancy malaria, and the
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formation of so-called rbc ‘rosettes’ [56, 58, 66, 38, 61].
Each parasite carries approximately 60 genes coding for different VSA [6, 69]
of which only one is expressed at a time [17, 25]. When an antibody response
against a particular VSA has grown strong, the small number of parasites that
express a different VSA have a benefit allowing growth of parasites expressing
another VSA. The ongoing VSA changes evade immune recognition and allow for
persistent and frequent (re)infections. In endemic areas with high exposure to
infection, individuals gradually build up a repertoire of antibodies against a large
set of these VSA [59, 42, 70]. In concurrence to the build-up of antibodies against
PfEMP1 VSA, individuals become resistant, first to severe malaria, then to mild
malaria and eventually to all clinical malaria [18, 50]. The number of different
VSA in the entire parasite population is unknown, but presumably very large
[28] which is why infections remain common even at old age. Due to these VSA
that potentially form an important link between the parasites’ virulence and host
immunity, understanding virulence adaptation for malaria parasites is a major
challenge.
To increase our understanding of virulence adaptation in P. falciparum infections
we have developed an individual-based computational model that includes the key
selective forces on malaria parasites at both the within and between-host level
and explicitly takes feedback between these levels into account. The model keeps
track of parasitemia, VSA expression and immunity within all individual hosts
of the population. We make no other assumption on the differences between the
VSA other than that parasites expressing different VSA have different net growth
rates. This assumption is based on the argument that parasites expressing VSA
with stronger cythoadhesive power are better at avoiding clearance by the spleen
[16, 35]. Under this assumption we find that the model yields realistic infection
dynamics and reproduces key features of the epidemiological characteristics of P.
falciparum malaria.
Which VSA a parasite expresses determines how parasites perceive the pressure
of selection on them. For example, the pressure of immune selection on a parasite
expressing a VSA for which the host has formed antibodies will be different than
on a parasites expressing a VSA for which the host has no antibodies. Also, the
pressure of selection through competition between a parasite expressing a very
virulent VSA and a parasite expressing a very mild VSA will be different. The
first of two aims of this study is to unravel these differences in the effect key selection forces have on parasites expressing different VSA such that we can better
understand how VSA enable P. falciparum parasites to adapt to changes in their
environment. During a real-life infection parasites switch between VSA which
makes it very difficult to gauge the relative effect of each of the parasite’s VSA
on for example, its within-host infection duration, transmission success and its
survival in general. Because parasites express only one VSA at a time we can, as a
first approximation for this problem, limit the parasites to carrying only one VSA
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while still keeping the environment in which the parasites experience competition
and interact as diverse as in a scenario where parasites are able to switch VSA.
This allows us to assess the effect on a parasite of expressing one specific VSA
relative to the expression of the other VSA.
The second aim of this study is to understand how alterations in the parasites’
living conditions may impact the virulence of the circulating parasites. The implementation of measures to prevent and control malaria such as drugs, vaccination
and extensive use of bed nets, impose a strong selection pressure on the parasites.
Due to the wide variety of VSA and existing genetic recombination mechanisms
that generate both new VSA and parasites with new sets of VSA, it is likely that
virulence adaptation will affect the population-wide repertoire of VSA available to
individual parasites. To understand the effect of different alterations in the parasite’s environment on their virulence and host mortality we run, under varying
parameter and model conditions, a wide range of simulations with each parasite
having a repertoire of five VSA from a much larger set of possible VSA.

2

Model and methods

The model functions through keeping track of the individual parasitemia of every
host specifying how many rbc are infected by each infecting parasite and which
VSA these rbc express. For every host, the model also keeps track of the host’s antibody repertoire against specific VSA. At the between-host level the model keeps
track of the prevalence and transmission success of every individual parasite and
in addition, the degree of host immunity against every parasite at host population
level. To accomplish this the model is equipped with actors, processes, variables,
parameters, and iterators. The actors in our model, are VSA, parasites and hosts.
The actors carry variables, the most important of these being parasite prevalence,
parasitemia, host antibodies and parasite within-host growth rate, which are under the influence of regularly executed model processes. The model processes are
transmission, parasite within-host growth and competition, malaria caused host
mortality, specific host immune response, parasite extinction and recombination,
and host demography. The model parameters are used to set the context of the
model environment and remain constant during simulation. Iterators are used
to identify or denote a specific instance of an actor. An overview of the model
structure is given in Figure 1.
The numbers of actors remain constant during simulation. The size of the host
population is 1000. A parasite consist of a set of five different VSA chosen at
random from a pool of 1500 unique VSA. We introduce the term parasite ’type’
to denote parasites with a specific subset of VSA. These parasite types bear no
relation to possible ‘real-life’ strains. We allow 75 different parasite types to circulate in the model at a time.
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Figure 1: Model Processes: The main model processes are shown inside the numbered boxes. Within each time step (day) the processes are executed in numerical
order although not every process is executed each day. On the left hand side is given
how often every process takes place. Model structure: Model actors are visualised
with boxes. Numbered white process circles indicate on which actors the process
directly acts, shaded process circles are linked to arrows. Arrows indicate either
actor displacement by a process (solid) or how a process is influenced by actors or
their variables (dashed).
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The VSA in the pool are ranked and their rank reflects how strong their binding
is to the receptors lining the host’s blood vessels. We assume that this difference
in binding strength causes differences in net growth rate because stronger binding
VSA are better at avoiding splenic clearance of the infected rbc on which they
are expressed [35]. We therefore refer to high ranking VSA as ’strong’ and lower
ranking VSA as ’weak’.
We have coded the model in the C++ programming language. Model simulations
run with time steps t, that are equivalent to days in real life. During a time step
the processes are executed in a fixed order although not every process is executed
each day, as shown on the left-hand side of Figure 1. Below we describe the model
processes in detail, using lower case notation for parameters and capitals for the
variables. We use iterator i to denote the ith host in the host population, iterator
n to denote the nth type in the parasite type population, and iterator v to denote
the vth VSA in the VSA pool which is equal to its rank or ’strength’. We use
iterator j to denote the jth parasite type infecting a particular host and iterator
k to denote the expression of the kth VSA of an infecting parasite type.

2.1

Between-host infection and transmission

In real life, a parasite can transmit to mosquitoes when a proportion of the infecting parasites differentiates into gametocytes, the life stage of the parasite which is
taken up by the mosquitoes [23]. Although the exact relation between parasitemia
and gametocyte abundance is unclear [53] there is a robust relationship between
parasitemia and transmission [65, 24].
The model’s transmission process is executed every day and involves two processes, first, host to mosquito transmission and second, mosquito to host transmission. During the first process a pool of parasites is created that represents the
parasites that have been taken up by mosquitoes. During the second step, hosts
are infected with a parasite from the pool and at the end of this process the pool
is deleted.
Every parasite infecting a host has a probability to be added to the pool. Sij (t)
is the probability of the jth parasite infecting host i to be included in the pool
on day t. To take into account the time it takes parasites to form gametocytes
we impose a delay between infection and admission to the pool, regulated by parameter d. Before d days of infection, Sij (t) = 0. After d days of infection the
probability of being added to the pool depends on the parasitemia of the parasite.
The parasitemia of a parasite in a host is calculated
by summing all the infected
X
Pijk (t) (see section Within-host
rbc expressing one of the VSA of the parasite
k

growth for details). We also introduce parameter p0 , between zero and one, that
reflects how much gametocyte formation depends on parasitemia. When, p0 = 0
(default), transmission is fully dependent on parasitemia (implying that a fixed
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proportion of parasites differentiates into gametocytes), and when p0 = 1, transmission is fully independent of parasitemia (implying that there are always enough
parasites that differentiate into gametocytes to infect a mosquito regardless of
parasitemia). The probability to be added to the pool for each
Xinfecting parasite
that has formed gametocytes thus becomes: Sij (t) = min(1,
Pijk (t) + p0 ). At
k

the end of the first process, a pool has been created of parasites that are chosen
through a random process but where weighed by their relative prevalence in the
parasite population, i.e. they proportionally represent the parasite types in the
host population. We assume that the mosquito population is large enough such
that stochastic variation in the proportion of types transmitted can be neglected.
During the second process, each host is infected with probability l, the so-called
transmission intensity or force of infection. The infecting parasite is randomly selected from all the parasites in the pool. To allow new parasite types (see section
Parasite recombination) to enter the host population, there exists a very small
probability (set at 0.0001) that a host is not infected with one of the parasites
from the pool but with one of the 75 parasite types at random.
In some malaria endemic areas the number of mosquitoes drops substantially
during the yearly dry season. In the simulations where this seasonality is taken
into account we introduce a lower force of infection, ls , during a yearly recurring
season of 122 days.

2.2

Within-host parasite growth

During the blood stage of malaria the parasites infect red blood cells (rbc) in
repeated two-day cycles [57, 28]. The parasites multiply inside the rbc and at the
end of the cycle the infected rbc rupture, releasing a new generation of parasites
into the blood stream [57]. In the model, the parasite growth and competition
process explicitly simulates the within-host dynamics of the infected rbc and VSA
expressed on their surface. Liver-stage parasite proliferation is implicitly taken
into account by letting parasites enter the general bloodstream in the order of
magnitude in which they are released from the liver which is approximately 10,000
parasites (0.002 per microlitre blood)[71]. We assume that rbc homeostasis ensures that for every new generation of free parasites there is a fixed number, r, of
rbc available for infection per microlitre blood. We set r, regardless of infection
and host age, to 100,000 rbc which, is approximately 20% of rbc in a microlitre
of blood. This 20% lies in the order of magnitude of the observed maximum
parasitemia per microlitre blood in patients [21, 71]. In the model parasitemia is
defined as the infected fraction of the r available rbc.
Each parasite infecting an rbc expresses only one of its VSA and epigenetic mechanisms within the parasites ensure that new generations of parasites, originating
from that infected rbc, remember the VSA that was expressed by their parental
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parasite [19]. Supported by findings of Lavstsen et al. 2005 [44] we assume that
the first generation of new parasites in a host express each one of the VSA they
carry on an equal fraction of the rbc they infect.
Let Pijk (t) be the fraction of r rbc that is infected and expressing VSA k, of parasite type j inside host i at time t. This fraction is updated every other day. The
parasitemia caused by parasite type j, is X
defined as the sum of the fractions corresponding to all the VSA of that type,
Pijk (t). The total host parasitemia
k

is defined as
Xthe sum of the parasitemias of all parasite types infecting host i:
Ptot,i (t) =
Pijk (t).
j,k

Each Pijk (t) infected rbc fraction has its own per generation multiplication, or
growth, factor Gijk (t). The growth factor sets the average net number of free parasites (merozoites) released in host i per ruptured rbc expressing VSA k, at the end
of an infection cycle. The core of the growth factor is defined as: Gijk (t) = c + vcvk .
It is composed from: c, an intrinsic, non-VSA associated, growth component; cv , a
VSA-associated growth component; and vk which is how the kth VSA of parasite
j ranks in the overall VSA pool (see start of section 2). The VSA rank influences
the growth factor in such a way that higher ranking VSA allow for relatively
fast growth (‘strong’ VSA) and lower ranking VSA allow for relatively slower
growth (‘weak’ VSA). In addition, the growth factor is influenced by the host’s
non-specific immune response, regulated by parameter mn , and cross-immunity
through the hosts VSA-specific antibody repertoire (Ai (t)), regulated by parameter mc , explained in detail in section Host immunity. The resulting growth factor
is:
Gijk (t) = c +

cv
(1 − Ptot,i (t)mn ).
vk + Ai (t)mc

In each host i, the total number of free parasites (merozoites) per microlitre
blood at the end of an infection cycle is obtained by multiplying the fraction of
rbc infected with parasite j expressing VSA k, with the growth factor of that
fraction, then adding these products for allX
VSA of all infecting types, and finally
multiplying by the total number of rbc r: r
Pijk (t)Gijk (t). These free parasites
j,k

compete with each other for infection of the available rbc in the new infection
cycle. The mean number of free
Xparasites, Fi (t), that compete with each other
for one rbc is given by: Fi (t) =
Pijk (t)Gijk (t). We assume that the number of
j,k

parasites each rbc encounters is Poisson-distributed with mean Fi (t). That means
that a proportion 1 − e−Fi (t) of the r rbc will be infected in the next cycle. The
fraction of rbc in host i infected by the host’s jth infecting parasite expressing its
kth VSA in the new infection cycle then becomes:
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Pijk (t + 2) =


Pijk (t)Gijk (t) 
1 − e−Fi (t)
Fi (t)

A very small fraction (1x10−4 %) of the most dominantly expressed VSA of an
infecting parasite is allowed to switch its VSA expression evenly to the other VSA
of the parasite. We assume that each infecting parasite type j, infecting a fraction
smaller
then 0.013 of the r rbc available for infection per microlitre blood (i.e. if
X
Pijk (t + 2) < 0.013), does not survive and is cleared from the host.
k

2.3

Host immunity

The model implements VSA-specific host antibodies, cross-immunity between
these antibodies and non-specific, or general, immunity. Maternal immunity
which is thought to protect infants in the first few months of life is ignored in our
model [64, 36] (see Discussion).
Specific host immunity of host i against VSA v is denoted by Aiv (t) ∈ {0, 1}. If
Aiv (t) = 0, the host is ‘susceptible’ for that VSA whereas if Aiv = 1, the host is
immune. New-born hosts are assumed to be susceptible to all VSA: Aiv (0) = 0
for all v.X
The total size of the antibody repertoire of host i at time t is denoted by
Ai (t) =
Aiv (t). An infected host i is triggered to start to build a specific anv

tibody response against the kth VSA of one of its infecting parasite types j from
P (t)
the moment that X ijk
> ma . This relative antibody threshold value, ma ,
Pijk (t)
j,k

ensures that hosts only mount specific immunity to dominantly expressed VSA.
It takes time to build an immune response and therefore antibodies become effective (Aiv (t) = 1) md days after the specific response is triggered (default md = 18
days which is within the range suggested by Collins & Jeffery 1999 [20, 21]). We
assume that antibody binding to a VSA clears all the infected rbc expressing that
VSA and as a result the fraction of available rbc infected and expressing this VSA
is set to zero from that moment. When a host has built up effective antibodies
against all the VSA of a parasite type, the type can no longer survive in the host
and is cleared. Because we assume life-long antibody immunity, only parasites
that carry at least one VSA for which the host has no antibodies can infect the
host.
We implement cross-immunity between VSA antibodies [26, 43] by letting the
growth factors of the different VSA-expressing rbc fractions, Gijk (t), be affected
by the total size of the host’s antibody repertoire, Ai (t) . In the simulations that
are used to study the effect of cross-immunity we use a parameter, mc , to regulate the degree in which the host’s antibody repertoire influences the core of the
parasite’s net growth factor: Gijk (t) = c + vk +Aciv(t) mc . When mc is zero there is
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no cross-immunity and with increasing values of mc the effect of cross-immunity
becomes larger.
Non-specific immunity, or general general immunity, is assumed to effect the net
growth of the parasites proportional to the host’s total parasitemia. This reduction in net growth is implemented like: Gijk (t) = c + vk +Aciv(t) mc (1 − Ptot,i (t)mn ).
Here parameter mn (default 0.7) sets the strength of general immunity. The
smaller mn is, the smaller the strength of general immunity. When mn = 0, there
is no general immunity.

2.4

Malaria mortality and host demography

In the model there is malaria-induced host mortality (executed after every parasite growth process) and non-malaria related mortality executed yearly. The
probability of dying from malaria depends on the parasitemia in the host and is
scaled by a factor fm . We set factor fm to 0.0001 such that malaria mortality is
slightly higher than in the demographic study by Bawah & Binka 2007 [7] to simulate a host population without any medical intervention (see Figure 6 in ESM).
Thus the daily probability of dying from malaria of a host i is: Ptot,i (t)fm . The
probability of dying of other causes than malaria is age-dependent, and adopted
from the same demographic study in a high-transmission malaria area that specifies mortality rates due to malaria and non-malaria related causes [7]. When
a host dies it is replaced by an uninfected newborn host, with age zero and no
antibodies.

2.5

Parasite recombination

Parasite types can end up not infecting any hosts due to host immunity, parasite
competition or, when at low prevalence already, due to the model’s stochasticity.
Every 10 days all parasite types that are not infecting any hosts are removed
i.e., we assume they go extinct. These types are replaced by new parasites types
which we assume arise from parasite recombination. In real-life malaria parasites
are known to undergo frequent recombination of their VSA set [68, 5, 30]. Most
recombination takes place during sexual reproduction of the parasite inside the
mosquitoes. The new parasite types in our model are assigned a set of 5VSA
drawn at random from the pool of VSA. This means not only that parasite types
with new combinations of VSA enter the host population but also that VSA’s
which where not represented in one of the parasite types previously, and thus
unseen by the hosts, can enter the host population.

2.6

Model simulations

Default simulation settings
Simulations last the equivalent of 200 years. Host are initially assigned a random age between zero and 75, and initially have no antibodies. The first 100
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Table 1: Default model parameter values and the variations in these parameters
simulated.

parameter
r
l
ls
p0
d
fm
c
cv
mc
ma
md
mn

default
value
100,000
0.7
0
10
0.0001
1
500
1
0.25
18
0.7

variations

0.1
0.5
0.5
0
5x10−5
0.1
100
0
0.1
7
0

0.2
0.1
0.25
5
1.25x10−4
0.25
250
0.1
0.2
14
0.1

0.3
0.01
0.1
15
1.5x10−4
0.5
750
0.5
0.5
21
0.5

0.9
0
0.01
25
2.5x10−4
0.75
1500
1.5
0.6
28
0.9

years of each simulation are regarded as a transient period for which no output
is recorded to allow for the host demography and antibody repertoires to stabilise.
The default parameter values for the simulations is given in Table 1. In the
default simulations there is no seasonality. The force of infection, l, is derived
from infective mosquito biting rates measured in high-transmission areas [10].
For the first aim of the study we perform simulations where the parasites carry
only one VSA per parasite (1VSA simulation) and for the second aim of the study
we perform simulations where the parasites carry five VSA per parasite (5VSA
simulations).
Model behaviour
To determine if the model gives realistic infection dynamics we study a 5VSA
simulation with default parameter settings. In this simulation we look at the
daily parasitemia of the hosts of which one typical host is plotted. We sample all
1000 hosts at yearly intervals to study the average parasitemia, average number
of co-infecting parasite types, average strength of the expressed VSA and, the
average size of the hosts VSA-specific antibody repertoires at all host ages.
First aim simulations
As part of the first aim of our study we perform several within-host experiments
to study the selection forces of parasite competition and host immunity withinhost for parasites expressing different VSA. In these experiments we look at one
isolated host of which we can manually set the size and repertoire of its VSAspecific antibodies and also all other immune functions. Under pre-defined static
132

Malaria in humans 2
immune conditions we allow one or two parasites, expressing a VSA of our choice
to which the host has no antibodies, to grow inside the host.
For the other part of the first aim of our study we look at several life-history traits
of the parasite types from a 1VSA simulation with default parameter settings.
One of those traits is the yearly number of transmission events of a parasite
type. A transmission event is registered when a parasite type is selected from
the parasite pool, that is created during the transmission process, to infect a
host. A successful transmission event is registered when a transmission event
results in infection of the host which happens when the parasite type selected for
infection carries at least one VSA to which the host has no antibodies. The lifehistory trait ‘host immunity’ of a parasite type is defined as the average number
of hosts that have VSA antibodies against one of its VSA during the existence of
the type. We distinguish between two ways an infecting parasite can be cleared
from the host namely, clearance through the build-up of specific VSA antibodies
(‘immune clearance’) or clearance because parasitemia drops below the threshold
level (‘competition clearance’). The latter mostly occurs through competition
with co-infecting parasites or to a lesser extend though cross-immunity. Another
life-history trait we define is the fraction of all clearances of a parasite type that
was due to competition clearance.
Second aim simulations
For the second aim of our study we perform many 5VSA simulations in which
we change one parameter value from the default value. After each simulation we
evaluate the average yearly host mortality and compare these results. We also
evaluate the average rank of the VSA dominantly expressed in infants (hosts under
age one) for every simulation as a proxy for the virulence of the parasites that
infect the most vulnerable hosts. The parameter values used in the simulations
are shown in Table 1.

3
3.1

Results & Conclusions
Model behaviour

To determine if the model gives realistic infection dynamics we study the hosts’
infection burden and immunity with age. Figure 2 shows results of a 5VSA
simulation with default parameter values. This same figure for a 1VSA simulation
is show in the supplementary material (Figure 7). The parasitemia (Ptot,i (t))
during the lifetime of a typical host, depicted in Figure 2a, shows that parasitemia
is highest in early childhood after which parasite levels drop in between occasional
peaks. Even in elderly hosts infections still frequently occur albeit at much lower
levels of parasitemia than in younger hosts (see Figure 2b). Because transmission
is related to parasitemia, it is the youngest hosts that are the most infectious.

133

Chapter 6

a
Host parasitemia

1
0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0
0

4

6

8

10

12

14

16

18

20

22

24

26

28 30 32
Age (years)

c

0.4

Av. host parasitemia

0.3

0.2

0.1

0

10

20

30

40
Age (years)

50

60

38

40

42

44

46

48

50

52

54

56

58

4
3
2
1

0

70

e

600
500
400
300
200
100
0
0

10

20

30

40
Age (years)

50

60

70

10

20

30

40
Age (years)

50

60

70

50

60

70

700
Av. size VSA-specific antibody repertoire.

800
700

Av. rank expressed VSA

36

0

0

d

34

5
Av. co-infecting parasite types

b

2

600
500
400
300
200
100
0
0

10

20

30

40
Age (years)

Figure 2: Results from a 5VSA simulation under default model and parameter
conditions. Panel a shows the life-time parasitemia of a typical host. (Please note
that a parasitemia of 1 means only 20% of rbc are infected). Panels b-d show
averages by host age from yearly samples taken of all hosts during 60 years of
the simulation. Panel b shows the average host parasitemia. Panel c shows the
average number of co-infecting parasite types. Panel d shows the average rank of
the dominantly expressed VSA. Panel e shows the average size of the hosts VSAspecific antibody repertoires.

134

Malaria in humans 2
Co-infections with multiple parasite types are common in the simulations and
vary on average between one and five co-infecting types (see Figure 2c) although
infections with over 10 types do occur. Despite the presence of multiple parasite
types in one host, we find that infection is mostly dominated by only one VSA,
especially in younger hosts. Switches in VSA dominance occur after VSA antibody build-up or through parasite competition. Because the hosts only build up
specific immunity against VSA that cross a relative infection threshold, the time it
takes from infection to the build up of specific antibodies varies depending on the
competition between infecting parasite types and the infection history of the host.
The hosts’ VSA antibody repertoire gradually increases with age as shown in
Figure 2e. We find that, due to the differences in growth rate inferred by the
VSA expressed by the parasites, a hierarchy in VSA expression with host age
arises naturally through the infection dynamics (see Figure 2d). Younger hosts are
infected with parasites expressing stronger VSA and as the hosts grow older and
their VSA antibody repertoire increases they are infected with parasites expressing
weaker VSA as hypothesised by Hviid 2010 [35].

3.2

First aim simulations

Within-host competition and immunity
As part of the first aim of our study i.e., understanding the effect of key selection
forces on parasites expressing different VSA, we show the results of several withinhost experiments (Figure 3) as described in the Model and Methods section 2.6.
Figure 3a shows that, without competition, the rate at which parasitemia increases
and the maximum parasitemia a parasite can reach is determined by the VSA
expressed by the parasite and the amount of cross-immunity in the host (Ai (t)).
Figure 3b shows that when two parasite types compete the parasite expressing the
strongest VSA will dominate the infection and suppress the parasite expressing
the weaker VSA. In the absence of specific immunity against the stronger VSA
the parasite expressing this stronger VSA will eventually out-compete the parasite
with a weaker VSA.
Under some circumstances parasites expressing a weaker VSA do better in the
within-host competition than parasites expressing a stronger VSA. Figure 3c
shows that parasites entering a host later can have a benefit over resident parasites, even if the parasite that enters the host later expresses a weaker VSA. This
occurs when the parasite that infects later grows slow enough to stay below the
threshold for the build up of specific immunity (i.e., it ‘hides’ from the immune
system) without being pushed under the clearance threshold by the resident parasite. Figure 3d shows that parasites expressing weaker VSA can be better at
hiding from specific immunity than parasites expressing stronger VSA.
Gametocyte formation takes 10 days and the time it takes to build up antibod135
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Figure 3: Results from within-host experiments. Panel a compares parasite growth
in three naive hosts (Ai (t) = 0, black lines) and three hosts with an antibody
repertoire of size 100 (Ai (t) = 100, grey lines) infected at day=0 with a parasite
expressing a VSA with rank 5 (solid lines), 250 (dashed lines) or 750 (dotted lines).
The hosts are not allowed to build any immune response during simulations. Panels
b-d compare parasite growth in naive hosts that are infected with two different
parasite types. In panel b both hosts are infected at day=0 with one parasite type
expressing a VSA with rank 10 (solid lines) and the other VSA with rank 11 (dashed
lines). Host 1 is allowed to build up VSA-specific antibodies during the simulation
(black lines), host 2 is not (grey lines). In panel c the hosts are infected with a
parasite type expressing a VSA with rank 10 (solid lines) and one expressing a VSA
with rank 11 (dashed lines). In host 1 both parasite types start infecting the host at
day=0 (black lines), in host 2 the parasite expressing the VSA with rank 11 does not
super-infect until day=2 (grey lines). In panel d both hosts are infected at day=0
with a parasite type expressing a VSA with rank 100 (solid lines). At day=2, host 1
is super-infected with a parasite type expressing a VSA with rank 75 (black dashed
line), host 2 is super-infected with a parasite strain expressing a VSA with rank 125
(gray dashed line).

136

Malaria in humans 2
ies from the moment the immune threshold is crossed is 18 days. Therefore any
parasite that is not cleared by competition can transmit for at least 8 days. The
results from the within-host experiments shows that parasites expressing strong
VSA can reach high parasitemia quickly, hereby maximising transmission during
the time before specific immunity clears infection. During this period they can
also out-compete parasites expressing weaker VSA. Parasites expressing weaker
VSA, in co-infections, are better at hiding from specific immunity which allows
them to stretch the period in which they can transmit long beyond 8 days albeit
at lower parasitemia and thus smaller transmission probability per day.
To further understand the effect of the key selection forces on parasites expressing
different VSA we also run a full 1VSA simulation with default parameter settings
and study several life-history traits of the parasites (Figure 4). The supplementary
material has the same figure (Figure 8) for a 5VSA simulation which shows how
difficult it is to gauge the effect on a parasite of carrying a specific VSA when the
parasites carry 5 VSA because the results are diluted and distorted by the other
VSA of the parasite.
Mosquito abundance
Mosquito abundance is an important selective force that acts on the boundary of
the within- and between-host level. It is most important to parasites that have
a low frequency of transmission because when the number of mosquitoes drops,
the total number of transmission events drops and parasites that have a lower
frequency of transmission will be more likely to go extinct. Although the model
does not take the mosquito population explicitly into account, it does keep track
of the number of transmission events for each parasite type. Figure 4a shows that
parasites carrying weaker VSA experience much less transmission events than
parasites carrying a stronger VSA meaning that the parasites that carry weaker
VSA are more vulnerable to drops in mosquito abundance.
Competition and immunity
Confirming what we would expect from the within-host experiments, the parasites
that carry strong VSA are mostly cleared from hosts by specific immunity while
the parasites that carry weak VSA are more often cleared by competition (Figure
4d). We also find that at the host population level there are much more hosts that
have specific immunity against stronger VSA than against weaker VSA (Figure
4c). Consequently the fraction of transmission events that result in infection i.e.,
a successful transmission event, is very low for parasites that carry a strong VSA
(Figure 4b).
Panel 4e shows the resulting average lifetime of parasite types carrying a specific
VSA. This result does not imply that there is an ‘optimal’ VSA for the parasites.
The benefit to a parasite of expressing a certain VSA is always relative to the other
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Figure 4: Results from a 1VSA simulation under default parameter conditions.
Panels show averages from all parasite types that existed during the simulation
(∼18,000) and carried the specified VSA. Panel a shows the daily number of transmission events i.e., how many times a day the parasite is selected to infect a host.
Panel b shows the proportion of successful transmission i.e., transmission events to
hosts without protecting VSA-specific immunity. Panel c shows the number of hosts
with specific antibodies against the VSA carried. Panel d shows the proportion of
clearances from the host due to competition (opposed to immunity clearance). Panel
e shows the lifetime of the parasite types in years. Panel f shows the yearly number
of hosts dying from malaria while infected by the parasite type.
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VSA expressed in the host and to the VSA-specific antibodies that exist in the host
and the host population at the time of expression. These other VSA expressed
and the anti-VSA antibodies in the population are continually fluctuating, as
such, an optimal VSA does not really exist.
Host mortality
Host death is a selective force that is experienced by the parasite types both at
the within- and between-host level. Within-host, host death stops infection and
transmission of all infecting parasite types; at the between-host level it removes
a host from the population that was susceptible for some VSA, and immune
for others. Parasites expressing strong VSA can reach the highest parasitemias,
mainly in children, and therefore cause more host death, than weaker VSA (see
Figure 4f). Loss of transmission due to host death is hence more important for
parasites expressing a stronger VSA.
Conclusions first aim
In conclusion, the differences in the effect key selection forces have on parasites
expressing different VSA result in differences in the contribution the VSA have
to the survival of the parasites carrying them as follows:
Strong VSA allow for high parasitemia in the infected host which means that
per day of infection the parasite can infect more mosquitoes. Strong VSA also
contribute to the survival of the parasite by suppressing or even clearing other
co-infecting parasites. A high proportion of the host population has specific immunity against strong VSA therefore strong VSA hardly contribute to the number
of hosts the parasite can infect. Because they allow for high parasitemia strong
VSA contribute to loss of infection and transmission of the parasite due to host
death.
Weak VSA contribute little to transmission per day but in some cases allow for
a longer infection time because they do not trigger a specific immune response so
quickly. Their largest contribution to parasite survival is in terms of the number of
hosts the parasite can infect since the proportion of hosts with specific immunity
against the weaker VSA is very small. Weak VSA hardly contribute to loss of
infection and transmission due to host death.

3.3

Second aim simulations

The second aim of this study is to understand how alterations in the parasites’
living conditions may impact the virulence of the circulating parasites. For this
purpose we run a wide range of 5VSA simulations with different parameter settings
and look at both host mortality and the rank i.e., strength of the VSA expressed in
infants (Figure 5). The strength of expressed VSA is used as a proxy for parasite
virulence.
139

Chapter 6

b

a

4
2
0

c

1

2

3

4

5

Av. yearly mortality rate.

8

6

4
mc
ma
default
mn
md

2

0
1

e

2

3

4

5

Av. yearly mortality rate.

6

5

4
l
default
ls
d
p0

3

2
1

2

3

4

5

d
Av. rank expressed VSAs in infants.

6

f
Av. rank expressed VSAs in infants.

cv
c
default
fm

8

Av. yearly mortality rate.

Av. rank expressed VSAs in infants.

10

500
cv
c
default
fm

400
300
200
100
0
1

2

4

3

500

5

mc
ma
default
mn
md

400
300
200
100
0
1

2

3

4

5

4

5

500
400
300
200
l
default
ls
d
p0

100
0
1

2

3

Figure 5: Results from 5VSA simulations. Effect of within- and between-host
parameter variations on the yearly host mortality rate and the average dominantly
expressed VSA in infants (< 1 year). Horizontal axes indicate increase in the effects
of one of the variations, values are as follows (*=default value): VSA-related growth
factor, cv (1: 100, 2: 250, 3: 500*, 4: 750, 5: 1500), intrinsic growth factor, c (1:
0.1, 2: 0.25, 3: 0.5, 4: 0.75, 5: 1*), malaria mortality probability, fm (1: 5x10−5 ,
2: 1x10−4 *, 3: 1.25x10−4 , 4: 1.5x10−4 , 5: 2.5x10−4 ), cross-immunity, mc (1: 0, 2:
0.1, 3: 0.5, 4: 1*, 5: 1.5), relative antibody threshold, ma (1: 0.1, 2: 0.2, 3: 0.4*, 4:
0.5, 5: 0.6), general immunity, mn (1: 0, 2: 0.1, 3: 0.5, 4: 0.7*, 5: 0.9), antibody
building time, md (1: 7, 2: 14, 3: 18*, 4: 21, 5: 28), force of infection, l (1: 0.1,
2: 0.2, 3: 0.3, 4: 0.7*, 5: 0.9), seasonality, ls (1: 0.7*, 2: 0.5, 3: 0.1, 4: 0.01, 5:
0), gametocyte formation time, d (1: 0, 2: 5, 3: 10*, 4: 15, 5: 25), parasitemia
dependant transmission and, p0 (1: 0.5, 2: 0.25, 3: 0.1, 4: 0.01, 5: 0*)
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Parasite growth & host mortality
Decreasing parasite growth, wether by the intrinsic component, c, or the VSA
specific component, cv , decreases host mortality (Figure 5a) but increases the
strength of the VSA expressed in infants (Figure 5b) because the parasites compensate for the loss in growth potential. Increasing the probability of malariainduced host death increases host mortality yet has a minimal effect on the VSA
expressed in infants. That the parasite population does not move towards expressing weaker VSA even though parasites expressing strong VSA are most affected
by host mortality might be because these parasites are instantly compensated
when a deceased host is replaced by a non-immune new host which are mostly
infected by parasites expressing strong VSA.
Host immunity
A general observation from model simulations with different immune parameter
values, is that any change that improves the performance of the host’s immune
system, lowers host mortality (Figure 5c). Even though an increase in general
immunity lowers the growth potential of the parasites, they do not move towards
expressing stronger VSA as we found when we decreased the growth rate of the
parasites (Figure 5d). We believe this is because expressing stronger VSA cannot
compensate for the loss of growth since it is the parasites expressing the stronger
VSA that are most suppressed by general immunity due to its relation with host
parasitemia. Changes in the time it takes to build up antibodies do not affect
the strength of the VSA expressed in infants (Figure 5d). This could be because these changes are equally beneficial or detrimental to parasites expressing
any VSA. With increasing cross-immunity the parasites move towards expressing
stronger VSA. An increase in cross-immunity mostly effects parasites expressing
weaker VSA because they are expressed in older hosts with a larger VSA antibody
repertoire and hence more cross-immunity.
Transmission
Decreasing the transmission intensity, whether all year round, l, or during a yearly
recurring season, ls , decreases the strength of the VSA expressed in infants (Figure 5f). Thus at lower transmission intensity it becomes more beneficial for the
parasites to express a VSA to which very few hosts have specific immunity than
to express a VSA that can reach higher parasitemia. This means that the limiting
factor to parasite survival is finding enough hosts without specific immunity to
infect, rather than the within-host growth rate of the parasites or within-host
competition. Notably, only when the transmission intensity is decreased all year
round does it decrease host mortality (Figure 5e).
Changes in the time it takes to form gametocytes had no effect on either host
mortality or the VSA expressed in infants (Figure 5e, Figure 5f) which suggests
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that the gametocyte formation time is not the limiting factor to parasite transmission and survival. A small increase in the probability of parasite transmission
independent of parasitemia, increases host mortality and the strength of the expressed VSA. This is likely to be because of an increase in transmission and we
saw the same effect when the transmission intensity was increased. When the
parasitemia independent transmission is increased even further, host mortality
decreases again and so does the strength of the expressed VSA. We argue that
this is because now all infecting parasites transmit with almost equal probability
and thus there is much less need to reach high parasitemia and express strong
VSA.
Conclusions second aim
The second aim of this study is to understand when and how alterations in the
parasites’ living conditions may impact the VSA, and thus the virulence, of the
circulating parasites, in particular those expressed in infants. When the parasites’
environment doesn’t change the interplay of the selective forces on the parasites
will reach an equilibrium at which there is an average VSA strength expressed
in infants that is most optimal for parasite survival. As we learned from our
first aim simulations the different VSA contribute differently to the parasites’
survival. Changes in virulence due to parameter changes are an indication to
what the limiting factors are to parasite survival. Parasites will evolve towards
expressing stronger VSA when (one of) the limiting factor(s) for parasite survival
is the within-host parasite growth and the parasites are able to minimise this
limitation by expressing stronger VSA.

4

Discussion

In this study we have built an individual-based computational model to better
understand how VSA enable P. falciparum parasites to adapt to changes in their
environment and how this adaptability can affect the success of malaria prevention and control measures. Malaria prevention and control measures are aimed to
reduce host morbidity and mortality. From the parasites’ perspective, these measures are yet another force of selection that interacts with the existing selective
forces. Because these forces are connected across the within and between-host
infection level, to fully understand how these selective forces interact, it is crucial
to model these forces at both levels explicitly. Our model does this and as a result
it reproduces key features of the epidemiological characteristics of P. falciparum
infections and VSA-specific immunity.
Our results show how parasites expressing different VSA perceive the pressure of
the selection forces differently at both the within and between host level. We also
show the effect of a wide range of changes to the parasites living conditions on
host mortality and parasite virulence in infants. From the simulations we learn
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that the outcome of a change in the parasite’s environment in terms of parasite
virulence depends on the balance between the selection forces which sets the limiting factor for parasite survival.
Due to limitations in existing data, computational restrictions and to maintain
transparency, our model is a simplification of reality and not designed to mimic
the exact balance between the forces of selection. In addition, this balance in reality is likely to differ between communities due to regional differences. Therefore,
while our results can be used as an indication to how the virulence of parasites
may change in response to certain measures they should not be interpreted as
accurate predictions.
In our 5VSA default simulations the limiting factor for parasite survival is finding
a non-immune host therefore, when the transmission intensity is decreased the
virulence of the parasites decreases. However when the limiting factor to survival
is e.g. the within-host competition between parasites, the virulence of the parasites would increase when the transmission intensity is decreased.
There are a few parameter changes for which we can compare our results with
findings from other theoretical or experimental studies. That a decrease in growth
rate of the parasites leads to an increase in virulence has also been found by Gandon et al. 2001 [32] and Mackinnon et al. 2008 [47]. The virulence of circulating
parasites in regions with different transmission intensities (i.e., the number of
infective bites/day) has been studied and shows that with decreasing transmission intensity the proportion of severe malaria cases that are caused by malarial
anaemia decrease while the proportion of cases due to cerebral malaria increase
[67, 60]. Because in our model we do not specify the location in the body where
the VSA preferentially adhere these findings are not easily comparable. However
a decrease in malarial anaemia could indicate that there are less strong VSA to
cause ongoing high parasitemia.
Below we discuss some of the simplifications and assumptions that where made
in order to create the model and the implications these may have on our results.

4.1

Growth rate differences related to VSA expression

The expression of VSA give infected rbc the capacity to sequester in body tissues
and reduce their passage through the spleen where infected rbc are recognised and
cleared from the blood. Following Hviid 2010 [35], we assume that the strength
of the binding between a VSA and its host receptor is a measure for how well
infected rbc can avoid splenic clearance and consequently we envisage different
VSA as conferring different net growth rates to parasites.
Classical work on VSA in African Trypanosomas parasites [39] shows that the
observed differences in growth rates alone, between parasites expressing different
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VSA, cannot account for the ordered appearance of dominant VSA during Trypanosoma infection as reported in the literature. This work is often referred to in
the context of malaria VSA models. However, Trypanosomas differ from malaria
parasites in many ways. For our analysis, notably, the observed differences in
growth rate between Trypanosomas parasites expressing different VSA are very
small compared to those of P. falciparum parasites [4]. In addition, Trypanosomas VSA do not have adhesion properties like the VSA of P. falciparum do.
In our model the differences in growth rate allow for dominant VSA expression
and regular changes in this dominance due to the build-up of antibodies against
the dominant VSA or competition with a newly infecting parasite. Because every
host has a different history of infection, every host also has a unique order in
which it builds up antibodies against the VSA. However, on the host population
level we find that on average there is a generic order in dominant VSA expression
and host age, where antibodies against the stronger VSA are acquired earlier in
life. A recent study indeed shows that there appears to be such a generic order in
which antibodies against VSA are acquired [16]. The transmission intensity does
not influence this order in antibody acquisition but merely dictates its pace.
It is, however, likely that dominant VSA expression and the antigenic variation
as seen in malaria infections is not dictated by differences in growth rate alone,
especially in elderly hosts where the differences in growth rate between the VSA
is much smaller. Various other mechanisms have been suggested in the literature
[1, 29, 45]. A model by Recker et al. 2004 [63] has shown that e.g. transient crossreactive immune responses are able to orchestrate realistic within-host antigenic
variation. However this mechanism on its own does not generate a generic order
of antibody acquisition at host population level which is what makes parasites
expressing different VSA experience selection pressures such as competition and
immunity differently. For this we believe that a feedback mechanism through the
population as incorporated in our model is required.

4.2

Disease and Immunity

Malaria mortality in the model depends only on host parasitemia while in reality disease and disease outcome is more complex. For example, the location
of infected rbc sequestration and the formations of rosettes by infected rbc are
important factors in disease outcome [38]. Consequently, VSA that have disease
exacerbating properties will cause more host mortality than other VSA that infer
the same growth rate but do not have these properties.
In our model we do not take into account maternal antibodies which are thought
to protect infants the first few months of life. Because of these antibodies, from
the parasites’ perspective, infants behave like adults for a few months after which
they become non-immune again until they build up their own antibodies. Therefore, apart from a somewhat reduced infant death (which would than happen at
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a slightly older age) the overall dynamics will largely stay the same.
It is not clear whether immunity against malaria, in particular VSA specific antibodies, is life-long. Here we assume that VSA-specific immunity is effectively
life-long due to frequent re-infections that cause sufficient antibody boosting. If
future studies find that specific VSA antibodies can not be assumed to effectively
provide life-long protection this can be implemented in the model. In that case
also older hosts could be infected by parasites expressing strong VSA which would
change the balance of the selection forces as we present here considerably. We
have assumed that the gametocytes of a parasite are cleared when the parasite
is cleared from a host, however there could be a delay in gametocyte clearance
as they carry different VSA and are relatively long-lived [11]. Depending on the
extend of the delay this may have a significant impact on transmission.

4.3

Peripheral blood compartment

We have made a few assumptions regarding the rbc in the model. Firstly, the
blood volume of the hosts in our model is equal for hosts of all ages, whereas in
reality blood volume increases with age until adulthood. Secondly, all parasite
types in our model are equal except for their VSA, while in reality some parasite
types specialise in infecting rbc of specific ages [55]. Thirdly, in the model every
within-host infection cycle, a fixed amount of new uninfected rbc becomes available for infection. In reality, at very high parasitemia new rbc production is not
able to keep up the formation of new rbc, hence patients become anaemic. We
argue that in all these cases parasite types have fewer rbc to infect than in the
model which would imply that the within-host competition in reality is likely to
be stronger than in our model.

4.4

Antigenically distinct groups of VSA

From serological and genomic data there is evidence that the immense VSA pool
is organised into specific groups of VSA [13, 40, 41, 15, 12]. It is unclear how
the VSA from the different groups are represented in individual parasite genomes
but it seems that all parasites carry at least a few members from each group
[41]. Antibodies against VSA from the so-called group A VSA seem to be more
cross-reactive than antibodies against VSA from other groups [37]. Also, group
A VSA have been associated with more severe disease and appear to be mostly
expressed at young age [37, 66].
In our model, we only assume one difference between the VSA, namely the difference in growth rate inferred by different VSA, to fully understand the consequence of that assumption. We expect that the effect on our results, of adding
antigenically distinct groups of VSA to the model, depends on the order in which
antibodies against VSA from each of the groups is acquired by the hosts. In our
model all VSA experience equal inhibition from cross-immunity which, on aver145
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age, is also the case if antibodies against VSA from all groups are acquired at
equal pace. However, if e.g. antibodies against group A VSA are acquired earlier
in life, on average, VSA from this group will experience more inhibition from
cross-immunity than VSA from other groups. We predict that this will enhance
the dichotomy we find in our model between strong VSA that allow for high parasitemia only in young relatively un-immune hosts, and weaker VSA that allow
for infection of a wider range of hosts but lower parasitemia. However, implementation of such grouping into the model is necessary to fully understand the effect
of this extra level of organisation on the dynamics of the VSA.

4.5

Concluding

The first aim of this study was to unravel the differences in the effect key selection forces have on parasites expressing different VSA such that we can better
understand how VSA enable P. falciparum parasites to adapt to changes in their
environment. We find distinct differences in the perception of the key selection
forces by parasites expressing strong VSA and weak VSA. With this background
we continued to the second aim of our study which was to understand how alterations in the parasites’ environment may impact the virulence of the circulating
parasites. We find that an increase in virulence only occurs when (one of) the
limiting factor(s) for parasite survival is the within-host parasite growth and a
change to the environment strengthens this limiting factor. To be able to make
predictions on whether implementation of control measures in a community will
increase the virulence of the circulating parasites a thorough understanding is
needed of the interactions and balance between the selective forces on the parasites in this community.
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Supplementary Material
Table 2: Default model parameter values and the variations in these parameters
simulated.

r
l
ls
p0
d
fm
c
cv
mc
ma
md
mn

Number of available rbc for infection each parasite generation/µL blood.
Force of infection.
Force of infection during a dry season.
Degree in which gametocyte formation depends on parasitemia.
Days of infection before gametocytes are formed
Scaling factor for malaria related mortality
Intrinsic parasite net growth rate
VSA-enabled parasite net growth rate
Degree of cross-immunity
Relative threshold for antibody trigger.
Time in days before triggered antibody response becomes effective.
Degree of general or innate immunity.

Figure 6: Host demography from a 5VSA simulation under default parameter
conditions.
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b
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Figure 7: Results from a 1VSA simulation under default model conditions. Panel
a shows the life-time parasitemia of a typical host. (Please note that a parasitemia
of 1 means only 20% of rbc are infected). Panels b-d show averages by host age from
yearly samples taken of all hosts during 60 years of the simulation. Panel b shows
the average host parasitemia. Panel c shows the average number of co-infecting
parasite types. Panel d shows the average rank of the dominantly expressed VSA.
Panel e shows the average size of the hosts VSA-specific antibody repertoires.
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Figure 8: Results from a 5VSA simulation under default parameter conditions.
Panels show averages from all parasite types that existed during the simulation and
carried the specified VSA. Panel a shows the daily number of transmission events
i.e., how many times a day the parasite is selected to infect a host. Panel b shows
the proportion of successful transmission i.e., transmission events to hosts without
protecting VSA-specific immunity. Panel c shows the number of hosts with specific
antibodies against the VSA carried. Panel d shows the proportion of clearances
from the host due to competition (opposed to immunity clearance). Panel e shows
the lifetime of the parasite types in years. Panel f shows the yearly number of hosts
dying from malaria while infected by the parasite type.
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Summary
In order to survive, infectious agents must succeed at two scales, within-host and
between-host. Within-host survival involves processes such as reproduction and
immune evasion, while between-host survival involves transmission and persistence in the host population. Although in all infections these processes are connected, in some infections, the processes influence each other extensively through
means of feedback loops between the processes. This can lead to a large network
of interactions across both infection scales. Developing and predicting the effect
of potential control measures on the complex infection dynamics in these systems
poses a challenge. Part of this challenge comes from the large heterogeneity often
observed in these systems for example in, infection history, immunity and parasite
appearance.
The goal of this PhD thesis is to increase our understanding of some of these complex within and between-host infection dynamics through the creation of mathematical and computational models that are able to capture the existing host
and/or parasite heterogeneity. This goal is reached through a series of research
projects that gradually build up in complexity of both the system modelled and
the modelling techniques used. The models created in the projects help to explain a wide range of sometimes contradictory experimental results, are used to
predict the effect of control measures and generate ideas for the development of
new methods of control.
In the first project a mathematical model is built to help understand a large body
of experimental results on Experimental Autoimmune Encephalomyelitis (EAE),
a mouse-model for the human autoimmune disease MS. Many elements of the
immune system are involved in EAE and using the model it was possible to find
a limited set of cell populations and their interactions that can explain these
results. The model hereby reduced the complexity of the experimental results
allowing more focussed continued research and the formation of new hypotheses
on treatments.
The second project looks at Paratuberculosis in cows, a chronic infection without cure caused by Mycobacterium avium subspecies paratuberculosis (MAP). A
mathematical model of MAP infection is built to study the difference of Type
1 and Type 2 immune responses on disease progression. The model shows that
both responses are in principle able to clear infection and that the killing rate
of the Type 1 and Type 2 adaptive immune responses together is much stronger
than the sum of their individual killing rates. Subsequently simulations of the
model are compared to infection and immunity data from a 4-year longitudinal
experimental study to better understand the Type 1 and Type 2 responses against
MAP in real cows. The comparison shows that a Type 1 response which is observed to stop the initial growth of infection does not necessarily have the critical
killing rate needed to control the infection. The results from this project give
new insight into Type 1 and Type 2 adaptive immune responses against MAP
infections which are important for the development of effective control measures
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against Paratuberculosis.
In the third project a computational model is built of Coccidiosis in broiler chickens caused by the protozoan parasite Eimeria acervulina. The model is built to
understand the progression of infection in flocks of commercial broiler chickens
together with the influence of the stable cleaning intensity between subsequent
flocks on this progression. The model shows a wave-like relationship between
cleaning intensity and the severity of the Coccidiosis outbreaks. This relationship
is caused by an increased heterogeneity in the host population (i.e. in infection
history) at the peaks of the wave. The heterogeneity originates from stochastic
parasite uptake combined with infection feedback loops that span the within-host
and between-host scales. As such the model confirms previous experimental and
computational findings, and additionally gives an explanation for the cause of this
wave-like relationship.
The fourth and fifth projects study malaria in humans caused by the Plasmodium
falciparum parasite. This parasite uses a group of variant surface antigens (VSA)
to escape host immunity. These VSA play an important role in disease severity
due to the ability they give infected red blood cells to adhere to different host
tissues. Each parasite carries a different set of these VSA and the number of
different VSA in the population is immense. During infection, parasites regularly
change which VSA they express to remain undetected by the antibodies built by
the immune system. In high-transmission areas people build up a large repertoire
of anti-VSA antibodies during their lifetime which is thought to play an important role in the gradual protection from severe, mild and, eventually, all clinical
malaria, although subclinical malaria infections remain common even at old age.
In the fourth project a computational model is built to better understand the role
of these VSA on host immunity and parasite evolution. The model shows that
hosts do not acquire antibodies against VSA at random but that there is a general order in which they are acquired where immunity against stronger adhering
VSA is acquired earlier. The model hereby confirms recent experimental findings
indicating the existence of such an order and furthermore gives an explanation
for the origin of this order. In addition, the model suggests that the difference
in a younger versus older host environment, at least on its own, does not give
a selective advantage for parasites with a ‘strong-rare’ set of VSA over parasites
with other, random, sets of VSA.
In the fifth project the previous model is extended to study how VSA enable the
parasites to adapt to changes in their environment and to examine the effect of
current and potential control measures on the sets of VSA carried by the circulating parasites. The results, amongst others, show that some seemingly sensible
measures, such as reducing the reproduction rate of the parasites, could have the
unwanted effect of increasing the frequency of parasites carrying stronger adhering VSA, such as those causing cerebral malaria. The results from this project
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give insight into how malaria parasites are able to adapt so well to changes in
their environment, as caused by drugs and other control measures, and shows the
importance of this knowledge for the success of these control measures.
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Om te overleven moeten infectieuze ziektekiemen (hierna parasieten genoemd)
succesvol zijn op twee niveaus, namelijk binnen de gastheren (intra-gastheer) en
tussen de gastheren (inter-gastheer). Intra-gastheer overleving draait om processen zoals reproductie en het vermijden van gastheerimmuniteit, terwijl intergastheer overleving draait om processen zoals transmissie en persistentie in de
gastheerpopulatie. Alhoewel voor alle infecties geldt dat de processen op beide
niveaus met elkaar verbonden zijn, beinvloeden zij elkaar in sommige gevallen
zeer sterk door middel van terugkoppelingslussen. Hierdoor ontstaat een groot
netwerk aan interacties dat beide infectieniveaus overbrugt. Door de complexe
infectiedynamica binnen zo’n systeem is het ontwikkelen en het voorspellen van
het effect van potentiële controle- en preventiemaatregelen voor dergelijke infecties een enorme uitdaging. Deze wordt nog eens verder bemoeilijkt door de grote
mate van heterogeniteit die vaak wordt geobserveerd in deze systemen zoals bijvoorbeeld in de individuele infectiegeschiedenis van elke gastheer, zijn immuniteit
en het uiterlijk van de afzonderlijke parasieten.
Het doel van dit proefschrift is om de complexe intra- en inter-gastheer infectiedynamica in deze systemen beter te begrijpen met behulp van wiskundige en
simulatie modellen die in staat zijn om de bestaande gastheer en/of parasiet
heterogeniteit te beschrijven. Dit doel wordt bereikt aan de hand van een serie onderzoeksprojecten die geleidelijk toenemen in complexiteit van zowel het
beschreven infectiesysteem als van de modeltechnieken die worden gebruikt.
In het eerste project wordt een wiskundig model ontwikkeld voor het verklaren
vaneen grote hoeveelheid aan experimentele resultaten afkomstig uit onderzoek
aan Experimentele Autoimmuun Encephalomyelitis (EAE), een muismodel van
de humane aandoening Multiple Sclerose. Het zoeken naar een behandelmethode
voor EAE wordt bemoeilijkt door het grote aantal elementen van het immuunsysteem dat actief is tijdens EAE. Met behulp van het ontwikkelde model is het
mogelijk om een beperkte set van cruciale celpopulaties aan te wijzen die met
hun gezamelijke interactie de onderzoeksresultaten kunnen verklaren. Het model
reduceert hiermee de complexiteit van de experimentele resultaten en maakt het
mogelijk om gerichter vervolgonderzoek te doen naar behandelmethoden. Ook
heeft het model geleid tot de formulering van nieuwe hypothesen.
Het tweede onderzoeksproject is gericht op Paratuberculose in koeien, een chronische aandoening zonder effectieve behandeling, die wordt veroorzaakt door Mycobacterium avium subsoort paratuberculosis (MAP). Er wordt een wiskundig
model van MAP infectie ontwikkeld om het verschil tussen Type 1 en Type 2
adaptieve immuunresponsen op het infectieverloop te bestuderen. Het model
laat zien dat in theorie beide responsen afzonderlijk in staat zijn om de infectie
onder controle te houden en te verwijderen, al duurt volledige verwijdering erg
lang. Het model laat ook zien dat de snelheid waarmee de infectie verwijderd
wordt wanneer beide responsen gezamenlijk actief zijn, veel hoger is dan de som
van de afzonderlijke snelheden. Model simulaties worden vervolgens vergeleken
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met infectie- en immuundata van een 4 jaar lange experimentele studie om meer
inzicht te verwerven in de bijdrage die Type 1 en Type 2 responsen leveren aan
de afweerreacties tegen MAP in de praktijk. Deze vergelijking laat zien dat een
Type 1 respons in een koe die in staat is om de initiële infectiegroei te stoppen
niet noodzakelijkerwijs ook de kritieke bacterie-verwijderingssnelheid heeft om de
MAP infectie blijvend onder controle te houden. De resultaten uit dit onderzoek
geven nieuwe inzichten in de Type 1 en Type 2 immuunresponsen tegen MAP
infecties, een belangrijke basis voor de ontwikkeling van een meer doeltreffende
bestrijding van Paratuberculose.
In het derde project wordt een computermodel ontwikkeld voor het bestuderen
van Coccidiose infecties in vleeskuikens veroorzaakt door de protozoa parasiet
Eimeria acervulina. Met het model wordt het verloop van infectieuitbraken in
fokkerijen onderzocht en de invloed die de mate van stalreiniging tussen de opeenvolgende groepen vleeskuikens op dit verloop heeft. Het model laat zien dat
er een op een golf lijkende relatie bestaat tussen de reinigingsintensiteit en de
ernst van de uitbraak. Deze relatie komt voort uit een verhoogde heterogeniteit
(o.a. in infectiegeschiedenis) in de gastheerpopulatie op de toppen van de golf.
Deze heterogeniteit wordt veroorzaakt omdat kippen willekeurig Eimeria oocysten uit hun omgeving opnemen en de afzonderijke kippen hierdoor in verschillende
mate geı̈nfecteerd raken. Er zijn stalcontaminatie niveaus waarbij de terugkoppelingslussen tussen de intra- en inter-gastheer infectieprocessen deze heterogenitiet
in besmetting versterken of juist uitdempen. Het model bevestigt hiermee niet
alleen eerdere experimentele en model resultaten, het geeft ook een verklaring
voor de oorzaak van dit verband.
Het vierde en vijfde onderzoeksproject zijn gericht op Malaria bij de mens, veroorzaakt door de Plasmodium falciparum parasiet. Deze parasiet maakt gebruik van
een groep van variabele oppervlakte antigenen (VOA) om het immunsysteem van
de gastheer te omzeilen. Deze VOA zijn tevens medebepalend voor de ernst en
dodelijkheid van malaria bij patiënten, door hun vermogen om geı̈nfecteerde rode
bloedcellen te laten binden aan verschillende interne weefsels. Elke parasiet heeft
een andere set van deze VOA tot zijn beschikking en het aantal verschillende VOA
die bestaan in de gehele parasietpopulatie is immens. Tijdens een infectie wisselen
parasieten geregeld de VOA die ze gebruiken om zo onherkenbaar te blijven voor
de antilichamen die het immuunsysteem maakt tegen de reeds herkende VOA.
In gebieden waar veel malaria voorkomt bouwen mensen gedurende hun leven
een groot repertoire aan VOA antilichamen op waarvan vermoed wordt dat het
verantwoordelijk is voor de geleidelijke opbouw van bescherming tegen ernstige,
milde en uiteindelijk alle klinische vormen van malaria, alhoewel subklinische infecties ook op latere leeftijd blijven voorkomen.
In het vierde onderzoeksproject wordt een computermodel ontwikkeld om de rol
van de VOA op de immuniteit van de gastheer en de evolutie van de parasiet
beter te kunnen begrijpen. Het model laat zien dat gastheren niet willekeurig
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antilichamen tegen VOA verwerven maar dat er een algemene volgorde bestaat
waarbij immuniteit tegen sterker bindende VOA eerder wordt verworven. Het
model bevestigt hiermee recent experimenteel onderzoek dat een volgorde in de
verwerving van deze antilichamen aanduidt en geeft een verklaring voor de oorsprong van deze volgorde. Ook laat het model zien dat, in tegenstelling tot wat
eerdere studies veronderstelden, het verschil in leefomgeving voor de parasieten
tussen jonge gastheren (met weinig immuniteit) en oudere gastheren (met veel
immuniteit), op zichzelf niet genoeg is om een selectievoordeel op te leveren voor
parasieten met een set van zowel sterke als zeldzame VOA vergeleken met parasieten die een willekeurige set van VOA tot hun beschikking hebben.
In het vijfde project wordt het malaria model uitgebreid om te bestuderen hoe
de VOA de parasieten in staat stellen om zich aan te passen aan veranderingen
in hun omgeving en om te onderzoeken wat het gevolg kan zijn van de huidige en
potentieel nieuwe controlemaatregelen op de sets van VOA onder de circulerende
parasieten. De resultaten laten o.a. zien dat sommige ogenschijnlijk doeltreffende
maatregelen, zoals het verlagen van de voortplanting van de parasieten, kunnen leiden tot een stijging van het percentage parasieten met sterker bindende
VOA, zoals bijvoorbeeld de veroorzakers van cerebrale malaria. De resultaten
uit dit project geven inzicht in het aanpassingsvermogen van malariaparasieten
aan veranderingen in hun leefomgeving, zoals medicijnen en andere bestrijdingsmaatregelen, en tonen het belang aan van dit inzicht voor het slagen van deze
maatregelen.
Samenvattend, kunnnen de hierboven beschreven onderzoeksprojecten en de daarin
ontwikkelde modellen helpen een breed scala aan soms tegenstrijdige experimentele resultaten te verklaren, worden ze gebruikt om het effect van controlemaatregelen te voorspellen en leiden ze tot inzichten en ideeën voor de ontwikkeling
van nieuwe methoden om infectieziekten te bestrijden.

164

Resumen en Español

Resumen
Para su supervivencia, los agentes infecciosos deben sobrevivir en dos niveles, dentro y entre sus hospederos. Sobrevivir dentro del hospedero incluye procesos como
reproducción y evasión del sistema inmune del hospedero, mientras que sobrevivir
entre hospederos incluye procesos como transmisión y persistencia en la población
de hospederos. Aunque en todas las infecciones estos procesos están conectados,
en algunas infecciones se influencian mutuamente mas gracias a bucles de retroalimentación entre los procesos. En estos casos se puede formar una gran red de
interacciones a través de los niveles de infección. Desarrollar y predecir el efecto
de posibles medidas de control en estos sistemas con una dinámica de infección
tan compleja plantean un difı́cil desafı́o. Parte de este desafı́o proviene de la gran
heterogeneidad que a menudo se observa en estos sistemas, por ejemplo en la historia de la infección y de la inmunidad del hospedero, y en la apariencia del parásito.
El objetivo de esta tesis doctoral es el de aumentar nuestra comprensión sobre
algunas de estas infecciones con dinámica compleja dentro y entre los hospederos,
a través de la creación de modelos matemáticos y computacionales, capaces de
capturar la heterogeneidad del hospedero y/o el parásito. Este objetivo se alcanza
a través de una serie de proyectos de investigación que van aumentando tanto en
la complejidad del sistema modelado como en las técnicas que se utilizan. Los
modelos creados en estos proyectos ayudan a explicar una amplia gama de resultados experimentales, a veces contradictorios, y se utilizan tambien para predecir
el efecto de medidas de control, ademas de generar ideas para el desarrollo de
nuevos métodos de control.
En el primer proyecto se construye un modelo matemático para ayudar a comprender una extensa cantidad de resultados experimentales en encefalomielitis
auto-inmune experimental (EAE), un modelo en ratones de la enfermedad autoinmune humana Sclerosis Multiple. Una multitud de elementos presentes en el
sistema inmunológico se activan durante EAE, lo cual dificulta la búsqueda de
elementos esenciales que puedan ser manipulados para un tratamiento. Haciendo
uso de este modelo matemático fue posible encontrar un pequeño grupo de células
cruciales, las cuales junto con sus interacciones, son capaces de explicar los resultados experimentales. De esta forma, el modelo reduce la complejidad de los
resultados experimentales a un subconjunto de células, permitiendo ası́ que futuras
investigaciones puedan centrarse en las células mas importantes. Este proyecto
también llevo a nuevas hipótesis para el tratamiento de EAE.
El segundo proyecto se dedica a paratuberculosis en vacas (ganado), una infección
crónica sin cura, causada por la bacteria Mycobacterium avium, subespecie paratuberculosis (MAP). Un modelo matemático de la infección con MAP es diseñado
para estudiar la diferencia entre las respuestas inmune Tipo 1 y Tipo 2 en la progresión de la infección. El modelo muestra que ambas respuestas son, en teorı́a,
capaz de eliminar la infección y que la velocidad de eliminación, cuando ambos
tipos de respuestas están activas simultaneamente es mucho mayor que la suma de
las velocidades cuando están activas individualmente. Asimismo, las simulaciones
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del modelo matemático se comparan con datos de infección y de inmunidad de un
estudio experimental longitudinal de 4 años, para estudiar las repuestas inmunes
Tipo 1 y 2 contra MAP en la práctica. La comparación muestra que una respuesta
del Tipo 1, la cual puede detener el aumento inicial de la infección, no tiene necesariamente la capacidad de controlar la infección a largo plazo. Los resultados
de este proyecto arrojan nuevos elementos para entender las respuestas inmunes
Tipo 1 y Tipo 2 contra MAP, las cuales son importantes para el desarrollo de
medidas eficaces de control contra la paratuberculosis.
En el tercer proyecto se construye un modelo computacional sobre coccidiosis en
pollos de engorde causada por el parásito protozoo Eimeria acervulina. El modelo
es diseñado para estudiar la progresión de la infección en las parvadas de pollos
de engorde comerciales, asi como la influencia que tiene sobre esta progresión
la intensidad en la limpieza de los galpones entre parvadas sucesivas . El modelo muestra que existe un efecto de onda entre la intensidad de la limpieza y la
gravedad de los brotes de coccidiosis. Esta relación es causada por un aumento
en la heterogeneidad de los hospederos (entre otros en historia de la infección) en
los picos de la onda de infeccion . La heterogeneidad se origina en los pollos al
contraer parásitos del suelo del galpon de forma aleatoria, obtienendo ası́ diferentes grados de infección. De acuerdo a los niveles de contaminación inicial del
galpon, los circuitos de retroalimentación entre los dos niveles de infección (dentro
y entre los hospederos) pueden aumentar o silenciar esta heterogeneidad. Ası́, el
modelo confirma previos resultados experimentales y computacionales, además de
explicar la causa de esta relación ondular.
El cuarto y quinto proyecto se dedican a la malaria en los seres humanos causada
por el parásito protozoo Plasmodium falciparum. Este parásito utiliza un grupo
de antı́genos de superficie variantes (ASV) para escapar a la inmunidad del hospedero. Estos ASV juegan un papel importante en la gravedad de la enfermedad,
debido a la habilidad que confieren a las células rojas infectadas para adherirse a
los tejidos internos del hospedero. Cada parásito lleva una combinación diferente
de estos ASV, siendo la variedad de ASV en la población inmensa. Durante la
infección, los parásitos cambian regularmente el ASV que expresan para no ser
detectados por los anticuerpos previamente producidos contra el anterior ASV. En
áreas de alta transmisión, individuos producen un gran repertorio de anticuerpos
anti-ASV a lo largo de su vida. Se cree que este repertorio es, en parte, responsable de la protección que las personas adquieren primero contra la malaria grave,
luego la malaria moderada y, finalmente, contra todo tipo de malaria clı́nica, a
pesar de que infecciones subclı́nicas de malaria siguen siendo comunes incluso en
las personas mayores.
En el cuarto proyecto se construye un modelo computacional para comprender
mejor el papel de estos ASV en la inmunidad del hospedero y en la evolución
del parásito. El modelo muestra que los hospederos no adquieren anticuerpos
contra ASV al azar, sino atraves de un orden general en el cual la inmunidad
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contra ASV con fuerte capacidad de adhesión se adquiere primero. El modelo
confirma recientes resultados experimentales que indican la existencia de tal orden y, además, da una explicación para la causa de esta orden. Asimismo, el
modelo sugiere que la diferencia en el entorno dentro de hospederos jóvenes y
hospederos mayores, al menos por sı́ solo, no es suficiente ventaja selectiva para
los parásitos con una combinacion de ASV ’fuerte-raros’ sobre los parásitos con
combinaciones aleatorias de ASV.
En el quinto proyecto se amplı́a el modelo anterior para estudiar cómo los ASV
permiten a los parásitos adaptarse a los cambios en su entorno, asi como para
estudiar el efecto de medidas de control actuales y potenciales sobre las combinaciones de ASV en los parásitos circulantes. Los resultados, entre otros, indican que
algunas medidas aparentemente sensatas, como una reducción en la reproducción
de los parásitos, podrı́a tener el efecto indeseado de aumentar la frecuencia de
los parásitos que llevan los ASV con más fuerte capacidad adherente, como por
ejemplos los que causan la malaria cerebral. Los resultados de este proyecto nos
dan una idea de la forma como los parásitos son capaces tan bien de adaptarse
a los cambios en su entorno, causadas por ejemplo por medicinas anti-malaria y
otras medidas de control, y ademas muestra la importancia de este conocimiento
para el éxito de dichas medidas de control.
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